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ABSTRACT  
Aim/Purpose The purpose of this study is to develop an adaptive real-time flower classifica-

tion framework that maximizes accuracy, speed, and resource efficiency by inte-
grating Transfer Learning, Extreme Learning Machines, and Reinforcement 
Learning. 

Background Accurate and efficient flower species identification is essential for applications 
in smart city planning, agriculture, and floriculture. Traditional static classifica-
tion models lack adaptability to diverse environments and resource constraints, 
necessitating dynamic approaches that can optimize performance in real-time 
settings. 

Methodology The proposed framework employs a Reinforcement Learning (RL) agent to dy-
namically select between lightweight classifiers (ELM + MobileNetV2) and 
high-accuracy classifiers (CNN + EfficientNetB0). The system is trained and 
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evaluated on a public Kaggle dataset and real-time images captured via IoT-ena-
bled cameras, ensuring robustness in both controlled and real-world scenarios. 

Contribution This study introduces a novel adaptive classification system that balances accu-
racy, inference latency, and resource usage through RL-based decision-making. 
It advances the field by demonstrating superior adaptability and efficiency com-
pared to static ensembles and state-of-the-art methods. 

Findings The framework achieves 95.8% accuracy while reducing training and inference 
latency. The RL-driven approach outperforms traditional static models, show-
ing enhanced scalability, resource-awareness, and real-time performance in di-
verse environments. 

Recommendations  
for Practitioners 

Practitioners should consider implementing RL-based adaptive classification 
systems to improve real-time accuracy and resource management, especially in 
IoT-driven environments, such as smart cities and precision agriculture. 

Recommendations  
for Researchers  

Further research is encouraged to explore additional classifier combinations, ex-
tend the framework to other classification tasks, and investigate long-term adap-
tive strategies for dynamic environments. 

Impact on Society This framework has the potential to significantly improve real-time monitoring 
and management in urban greenery, crop monitoring, and flower industry auto-
mation, contributing to sustainable practices and enhanced urban aesthetics. 

Future Research Future studies may focus on integrating more diverse classifiers, optimizing RL 
policies for even faster adaptation, and deploying the system in large-scale, real-
world deployments to evaluate long-term robustness and utility. 

Keywords RL, CNN, ELM, ResNet50, VGG16, MobileNetV2, EfficientNetB0, EPILON, learn-
ing rate, agent, latency, inference speed 

INTRODUCTION  
Flowers play a vital role in maintaining ecological balance and are central to a wide range of indus-
tries, including agriculture, floriculture, pharmaceuticals, cosmetics, and event management. Accord-
ing to the International Floriculture Market Report 2024 (Facts & Factors, 2024), the global floricul-
ture market exceeded USD 55 billion and is expected to grow steadily due to increasing demand in 
landscaping, urban greening, and smart agriculture. The Global Floriculture Market Report 2024 
(USD Analytics, 2025) highlights that automated plant and flower identification systems are playing 
an increasingly important role in large-scale monitoring and supply-chain automation. These develop-
ments motivate the need for efficient computer vision-based flower classification systems. 

As global demand continues to grow, the need for reliable and efficient flower classification systems 
has become increasingly evident (Deb, 2025). Conventional manual approaches for species identifica-
tion and freshness assessment are not only time-consuming and labor-intensive, but also prone to 
subjective errors, making them impractical for large-scale commercial deployment. Because freshness 
directly influences market value, its accurate evaluation is particularly critical in commercial and sup-
ply-chain settings. 

The limitations of manual inspection have accelerated the adoption of computer vision and artificial 
intelligence–based solutions. Early efforts in this area primarily relied on classical image processing 
techniques, such as shape, color, and texture analysis. While these methods demonstrated initial 
promise, they struggled to scale effectively under real-world conditions characterized by variability in 
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lighting, background, and flower morphology. Flower classification itself is a complex task, as it in-
herently involves taxonomic distinctions, morphological variation, and ecological diversity, under-
scoring the need for automated and adaptive solutions. 

Subsequent advances incorporating preprocessing, feature extraction, and supervised learning im-
proved classification reliability and consistency. More recently, deep learning architectures—including 
ResNet, YOLO, and Mask R-CNN—have enabled accurate real-time classification by learning dis-
criminative features directly from data, outperforming traditional classifiers, such as SVM and KNN, 
in many scenarios. While classical image processing techniques remain useful for detecting visible ag-
ing indicators, such as discoloration or petal curling, deep learning models provide greater robustness 
by automating feature learning. In parallel, machine learning methods, such as Support Vector Ma-
chines and Random Forests, continue to contribute to freshness assessment by leveraging structured 
feature representations, complementing deep learning–based approaches. 

Advanced imaging modalities, such as thermal, multispectral, and hyperspectral imaging, provide val-
uable insights into flower health by capturing indicators related to wilting, moisture depletion, and 
temperature-induced stress. When combined with IoT-enabled cameras and environmental sensors 
deployed in greenhouses or storage facilities, these technologies enable continuous monitoring of flo-
ral conditions. AI-driven models can then analyze the collected data in real time, allowing certain sys-
tems to automatically trigger corrective actions, such as irrigation, misting, or pest control, to main-
tain flower quality and extend shelf life. 

From a modeling perspective, Extreme Learning Machines offer notable advantages in scenarios in-
volving limited data or constrained hardware resources. When paired with lightweight architectures, 
such as MobileNetV2, ELM-based pipelines provide rapid training and efficient inference while 
maintaining robust feature representation. In contrast, CNN-based models utilizing EfficientNetB0 
are better suited for large-scale datasets, as they learn rich feature hierarchies directly from raw im-
ages and typically deliver higher classification accuracy. Reinforcement learning further enhances sys-
tem adaptability by enabling dynamic model selection, allowing the framework to switch intelligently 
between CNN–EfficientNetB0 and ELM–MobileNetV2 pipelines based on real-time performance 
feedback. 

The proposed system is designed to classify common flower species, namely daisy, dandelion, rose, 
sunflower, and tulip. Future extensions of this work may include flower freshness estimation using 
image-based quality indicators, thereby reducing reliance on subjective manual inspection and mov-
ing toward fully automated, AI-driven solutions. By integrating deep learning, hybrid ensemble strate-
gies, and IoT-based monitoring, the framework aims to achieve scalability, computational efficiency, 
and reliable freshness assessment within floriculture environments. Moreover, this approach opens 
pathways for future extensions incorporating explainable AI techniques and richer multispectral data. 
The next section reviews the relevant background and existing literature, the third section details the 
proposed methodology, and the ending sections present the implementation, experimental results, 
and discussion. 

RESEARCH OBJECTIVES: 

1. Evaluate lightweight ELM classifier with CNN features 
2. Develop RL-based adaptive model selection.  
3. Compare static and adaptive classification approaches 

BACKGROUND WORK 
Recent studies on flower and plant species identification have predominantly focused on the use of 
convolutional neural networks, transfer learning strategies, and hybrid modeling approaches to im-
prove classification accuracy, often relying on carefully curated or domain-specific datasets. Several 
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works, including those by Soni (2024), Arun et al. (2025), Yu et al. (2024), Shankar et al. (2021), 
Thang and Lam (2023), and Mo and Wei (2024), concentrate specifically on flower recognition, em-
ploying architectures such as ResNet50, NASNet, ConvNeXt, and other hybrid CNN variants. These 
studies commonly incorporate enhancements such as attention mechanisms, weighted feature aggre-
gation, and dataset augmentation to strengthen model performance. 

Building on these ideas, other researchers, including Sachar and Kumar (2021), Amri et al. (2024), 
Noshiri et al. (2023), Franco et al. (2023), Nguyen-Trong (2023) and Giridharan et al. (2024), extend 
DL–based methodologies to broader plant classification tasks involving leaves, seeds, and herbal im-
agery. Their approaches typically combine ensemble learning, transfer learning, and specialized da-
tasets to achieve robust performance across a wide range of plant species. Taken together, this body 
of work reflects a shared objective: advancing reliable plant and flower recognition by leveraging so-
phisticated CNN-based architectures and high-quality datasets under both controlled and real-world 
conditions. 

Within the area of plant disease detection and agricultural anomaly analysis, existing research has pri-
marily focused on identifying plant health issues at multiple scales, ranging from leaf-level patholo-
gies to crop-wide irregularities, with particular emphasis on early detection and intervention. Studies 
by Raval and Chaki (2024), Navpreet and Roul (2025), Mendoza-Bernal et al. (2024), and Sunitha et 
al. (2023) adopt convolutional neural networks, ensemble-based strategies, and SVM-oriented classifi-
cation frameworks, with some efforts incorporating explainable AI techniques to improve model 
transparency and interpretability. In parallel, survey-oriented contributions by Shafik et al. (2023), 
Khan et al. (2024), and Noshiri et al. (2023) provide comprehensive overviews of DL and hyperspec-
tral imaging approaches for plant disease detection. Almalky and Ahmed’s (2023) more focused work 
uses object detection architectures including YOLOv5, RetinaNet, and Faster R-CNN to identify 
marijuana phases of development. When taken as a whole, these findings highlight how crucial DL 
and cutting-edge imaging technologies are to maintaining and tracking the condition of plants. 

The application of hyperspectral and spectral imaging for agricultural classification and quality assess-
ment is investigated in a related body of work. While more general reviews by Noshiri et al. (2023) 
and Khan et al. (2024) look at the integration of DL and 3D-CNN-based techniques for spectral 
evaluation in agricultural contexts, B. Yang et al. (2025) present an optimized wavelength selection 
strategy for evaluating eggplant seed vitality using hyperspectral data. The emphasis on spectral data 
modeling and wavelength-sensitive feature extraction unites these efforts. 

Simultaneously, aerial footage is used for habitat analysis and large-scale vegetation assessment via 
UAV and drone-based monitoring techniques. While Corceiro et al. (2023) focus on vineyard weed 
classification using CNNs applied to UAV data, Barrasso et al. (2024) and Correa Martins et al. 
(2023) combine UAV-acquired images with DL architectures like YOLO and Xception to detect 
plant species across agricultural and wetland settings. Together, these works demonstrate the effec-
tiveness of remote sensing and deep learning for biodiversity monitoring at scale. 

Addressing the challenge of limited labeled datasets, a smaller yet growing set of studies investigates 
the use of generative models and synthetic data generation in plant imaging. Ali et al. (2025) examine 
large-scale forest management decision-making by integrating Internet of Things technologies with 
remote sensing and artificial intelligence. Meanwhile, Gorro et al. (2023) employ DCGAN-based 
techniques to generate synthetic imagery of seagrass and seaweed, thereby enhancing the perfor-
mance of YOLO-based classifiers. These efforts illustrate how generative approaches can effectively 
augment training data and improve model robustness in data-scarce environments. 

Finally, a number of studies contribute broader deep learning frameworks and multi-agent system 
methodologies that, while not developed exclusively for agricultural contexts, are readily transferable 
to them. Liu et al. (2025) present a multi-agent reinforcement learning approach for dynamic re-
source orchestration in edge computing environments, whereas Kadamala et al. (2024) demonstrate 
the integration of transfer learning within reinforcement learning for intelligent HVAC control. In a 
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different application domain, Demartini et al. (2024) introduces an adaptive learning framework for 
educational systems, highlighting the versatility of AI-driven personalization. Albadr et al. (2025) pro-
pose the ICGA-ELM algorithm to enhance classification performance, and Rasti (2023) offers a 
comprehensive treatment of DL applications in the life sciences, including plant imaging. Collec-
tively, these contributions provide adaptable architectural designs and optimization strategies that can 
be leveraged to advance future agricultural and ecological intelligence systems. A consolidated over-
view of the reviewed literature is provided in Table 1. 

Table 1 Summary of Literature Survey 
Research Gap  Source Impact  Proposed Solution  

1. Small, clean, curated da-
tasets dominate (PlantVil-
lage, Oxford Flowers), 
lacking real-world noise 
and variability 

(Soni, 2024), 
(Amri et al., 
2024), (Shan-
kar et al., 
2021), (Yu et 
al., 2024)] 

Overfits easily; fails 
in field conditions 

Use feature extraction (Mo-
bileNet/EfficientNet) + 
noise-robust classifiers 
(ELM, RL) to increase gener-
alization. 

2. Lack of cross-dataset 
or cross-environment 
generalization 

(Sachar & 
Kumar, 
2021), (Raval 
& Chaki, 
2024), (Thang 
& Lam, 2023) 

Accuracy drops on 
unseen species/en-
vironments 

Evaluate using cross-valida-
tion, include statistical signif-
icance tests (McNemar, 
ANOVA, Wilcoxon). 

3. Heavy CNNs unsuita-
ble for edge deployment 

(Arun et al., 
2025), (Mo & 
Wei., 2024), 
(Noshiri et 
al., 2023) 

High computational 
cost, latency issues 

Use lightweight models (Mo-
bileNet, ELM) and Q-learn-
ing RL agent for fast deci-
sion-making. 

4. Limited use of hybrid 
ML techniques (CNN + 
classical ML) 

(Thang & 
Lam, 2023), 
(Navpreet & 
Roul, 2025) 

CNN-only models 
lack robustness and 
interpretability 

Use CNN features + ELM 
classifier and compare with 
RL agent for classification. 

5. Absence of reinforce-
ment learning in image 
classification 

(Liu et al., 
2025) (only 
RL for re-
source opti-
mization, not 
classification) 

RL potential for 
adaptive decisions 
unexplored 

Introduce RL-based classifier 
and benchmark against ELM 
and CNN baselines. 

6. Lack of statistical rigor 
(no hypothesis testing) 

Almost all pa-
pers except 
surveys 
(Shafik et al., 
2023) 

Reported results un-
reliable; cannot 
claim superiority 

Apply McNemar, Wilcoxon, 
ANOVA/Friedman, and 
Yang–Liu tests to validate 
performance differences. 

7. Explainability is miss-
ing in classification 

(Raval & 
Chaki, 2024), 
(Amri et al., 
2024), 
(Shamrat et 
al., 2024) 

Low trust in model 
predictions 

Provide transparent model 
comparisons (ELM, RL, 
CNN) and optionally inte-
grate XAI modules. 

8. Hyperspectral & multi-
modal classification mod-
els too heavy 

(B. Yang et 
al., 2025), 
(Noshiri et 
al., 2023) 

Spectral dimension-
ality + compute cost 

Use 2D features (RGB) with 
efficient learning methods 
(ELM, RL). 
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Research Gap  Source Impact  Proposed Solution  

9. Limited benchmarking 
datasets and inconsistent 
evaluation metrics 

(Shafik et al., 
2023), (Yu et 
al., 2024), 
(Sunitha et 
al., 2023),  

Hard to compare 
studies across do-
mains 

Standardize evaluation using: 
same dataset, same feature 
space, same CV protocol, 
same metrics. 

10. Class imbalance not 
systematically addressed 

(Raval & 
Chaki, 2024), 
(Shankar et 
al., 2021), (Sa-
char & Ku-
mar, 2021) 

Bias toward majority 
classes 

Evaluate robustness using 
macro-F1, and integrate 
ELM (good for imbalance). 

 

Recent studies have explored the use of reinforcement learning (RL) for adaptive model selection in 
resource-constrained environments. Liu et al. (2025) proposed a multi-agent RL approach for re-
source orchestration in edge computing, demonstrating improved efficiency under varying work-
loads. B. Yang et al. (2025) further investigated RL-based dynamic inference strategies that select be-
tween lightweight and complex models depending on latency and accuracy requirements. These stud-
ies highlight the effectiveness of RL for adaptive model orchestration in intelligent systems. Addi-
tionally, Kadamala et al. (2024) showed that combining transfer learning with deep RL agents can en-
able efficient decision-making in constrained environments. However, existing research has not yet 
applied RL-based model selection to coordinate lightweight ELM-based and high-accuracy CNN-
based pipelines for real-time IoT-enabled flower classification. 

From a practical and commercial perspective, the integration of RL, ELM, and Transfer Learning ad-
dresses a well-defined operational problem: floriculture supply chains and smart city plant monitoring 
systems require classification systems that can function reliably across heterogeneous hardware envi-
ronments, from high-powered GPU servers to low-cost IoT edge nodes. Static models trained for 
one hardware profile fail to adapt when deployed across diverse infrastructure. The economic conse-
quence is significant high-accuracy CNNs demand energy-intensive GPU processing that is economi-
cally infeasible for large-scale field deployment, while lightweight models sacrifice accuracy at unac-
ceptable rates. The proposed adaptive orchestration framework resolves this trade-off by dynamically 
routing each classification task to the most appropriate pipeline based on real-time conditions, 
thereby optimizing both operational cost and classification reliability. This adaptive capability is par-
ticularly valuable in precision agriculture and smart city floriculture management, where decisions 
must be both accurate and timely. 

Even while DL-based classification systems have demonstrated encouraging results in the identifica-
tion of plants and flowers, the corpus of research to date indicates a number of serious technical 
flaws that restrict their practicality. First, the majority of research relies on extremely controlled, 
noise-free datasets like Oxford Flowers or PlantVillage, which are unable to represent the heteroge-
neity of illumination, occlusion, background clutter, and species diversity found in the real world. Be-
cause of this, models that were trained on these datasets typically show poor cross-environment and 
cross-dataset generalization. Second, hybrid or lightweight learning paradigms that can provide 
quicker inference and better adaptation have received little attention in current research, which is 
largely dominated by computationally demanding CNN structures. Third, there is a dearth of statisti-
cal rigor: most research only reports accuracy without testing hypotheses, so it is difficult to deter-
mine if reported changes in model performance are significant or just dataset-dependent fluctuations. 
Fourth, technological issues including high spectral dimensionality, diverse data distribution, and real-
time processing restrictions are still unresolved despite advancements in hyperspectral photography, 
UAV monitoring, and generative augmentation. The need to investigate generative models’ actual ef-
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fects on classifier robustness is further highlighted by the scant examination of these models for aug-
mentation. Few studies integrate explainability into the fundamental categorization procedure, de-
spite the fact that open decision-making is crucial in ecological, medical, and farming contexts. 

In order to close this gap, the current work proposes a combination learning framework that incor-
porates explainability as a basic design concept and is computationally efficient, empirically validated, 
and technically sound. By doing this, the framework is made to provide consistent and trustworthy 
classification performance under a variety of spectral, spatial, and environmental variables. 

METHODOLOGY 
Real-time issues like scarce resources, changing environments, and striking a balance between speed 
and accuracy plague current DL techniques for flower categorization. To address this, a hybrid 
framework is proposed, as depicted in Figure 1, that combines transfer learning models with an Ex-
treme Learning Machine (ELM) classifier, orchestrated by a reinforcement learning (RL) agent for 
adaptive model selection and feature processing. The system will evaluate multiple CNNs such as 
MobileNetV2 and EfficientNetB0 to optimize both speed and accuracy, and its performance will be 
compared against static ensembles and individual models. The proposed work contains following 
modules. 

DATASET ACQUISITION AND PRE-PROCESSING 
A comprehensive flower image dataset is collected to ensure diversity across species and conditions. 
The data is collected from the public dataset, i.e., Kaggle (n.d.). Real time images are collected using 
micro-controllers and camera. Using these devices in the smart city, the user can get the real data and 
it can be passed as the input to the proposed framework. The preprocessing step focuses on prepar-
ing flower pictures in a uniform way before training a model. Each picture from the dataset under-
goes color format conversion and scaling the brightness. To resize the image, initially the original im-
age  𝐼𝐼𝑡𝑡 , is cropped as standard width W and height H as shown in equation 1.  

𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝐼𝐼(𝑡𝑡),𝑊𝑊,𝐻𝐻)                       (1) 
 

After resizing the image according to the TL model, noise is removed using the Gaussian noise re-
moval method as shown in equation 2. 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ(𝑥𝑥,𝑦𝑦) = 1
2𝜋𝜋𝜎𝜎2

∑ 𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑢𝑢, 𝑣𝑣) ⋅ 𝑒𝑒−
(𝑥𝑥−𝑢𝑢)2+ (𝑦𝑦−𝑣𝑣)2

2𝜎𝜎2𝑢𝑢,𝑣𝑣  (2) 
 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ(𝑥𝑥,𝑦𝑦): The smoothed intensity value of the output image at pixel location (x,y). 

𝐼𝐼𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑢𝑢, 𝑣𝑣): The intensity value of the resized input image at pixel location (u,v). 𝜎𝜎 is the standard 
deviation. 

To make the dataset richer, data augmentation techniques are used and normal transformation tech-
niques are used. 

FEATURE EXTRACTION (TRANSFER LEARNING) 
The code uses a pre-trained CNN model, EfficientNetB0, to extract features. During the extraction 
of features the fully-connected model is used; the symbolic representation of same is depicted in 
equation 3.  

𝑓𝑓 = 𝐶𝐶𝐶𝐶𝐶𝐶_𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹(𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ(𝑥𝑥,𝑦𝑦))                                  (3) 
 

While using the entire fully connected layers, this module uses only the base convolutional layer. The 
features are given as input to next model for the classification. 
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CLASSIFICATION (ELM)  
In this module ELM is used as a lightweight classifier that takes the deep features extracted from 
MobileNetV2 as input. Unlike traditional neural networks, ELM initializes its hidden layer weights 
randomly and does not update them through backpropagation. Instead, it computes the output 
weights analytically in a single step, making classification extremely fast. Another model uses the 
CNN+ EfficentnetB0 for the classification. This allows the system to efficiently map pre-trained 
CNN features to flower classes with minimal training overhead. 

 
Figure 1 Design Architecture of Proposed Work 

ADAPTIVE ORCHESTRATION (RL  AGENT) 
In this module, the Adaptive Orchestration using an RL Agent means that the agent intelligently de-
cides how to combine different models for better results. The RL agent is defined by the state, action 
space, reward function, and Q-Learning update table, which are described below. 

The state space is defined as in equation 4. 

{𝑠𝑠1, 𝑠𝑠2, … … … , 𝑠𝑠𝑛𝑛}                                    (4) 

Where, each state represents specific image characteristics, such as brightness histogram bins or clus-
ters of extracted features. The action space is defined as equation 5. 

                                                       𝐴𝐴 = {𝑎𝑎1,𝑎𝑎2}                               (5) 

Where, the possible actions correspond to selecting a classification model: 

• 𝑎𝑎1: Select ELM with MobileNetV2 for classification.  
• 𝑎𝑎2 Select CNN with EfficientNetB0 for classification. 
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The reward function is defined in equation 6. 

�+1 if the prediction is correct
0                         𝑂𝑂𝑂𝑂ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

             (6) 

This reward encourages the agent to choose the model that produces correct predictions. Then Q-
learning rule updates the Q-value as shown in equation 7. 

Q-learning update rule 
Q(s,a) = Q(s,a) + α[r + γ maxQ(s′,a′) − Q(s,a)]    (7) 

Where: 

• α is the learning rate,  
• γ is the discount factor,  
• r is the reward received after taking action a in state s, and  
• s′ represents the next state. 

The RL agent continuously monitors key performance indicators, including inference latency, classifi-
cation accuracy, and system resource utilization across the competing models. Based on this feed-
back, it dynamically determines whether to route an input through the CNN-based pipeline (Effi-
cientNetB0) or the hybrid ELM pipeline (MobileNetV2 combined with ELM). The learning process 
is guided by a reward formulation that penalizes slower inference while favoring decisions that yield 
higher predictive accuracy. Through repeated interactions over multiple training episodes, the agent 
progressively learns to associate specific data conditions with the model that offers the most effective 
performance. Because of this, the system is flexible and able to select the most accurate and efficient 
approach in real time. 

STAGES OF THE WORK 
Stage 1 
Confidence-Based Agent (Baseline Agentic): As an initial agentic baseline, a simple confidence-based 
selector was implemented. After both ELM+MobileNetV2 and CNN+EfficientNetB0 generate pre-
dictions independently, the selector chooses the output with the higher softmax confidence score. 
This establishes a non-RL reference for the adaptive decision mechanism. 

Stage 2 
RL Agent with Brightness-State Representation (Part A): Building on Stage 1, a Q-learning agent is 
introduced. The state space is defined by discretising each image’s mean pixel intensity into 5 bright-
ness bins (very dark to very bright). The action space is binary: select ELM+MobileNetV2 (Action 0) 
or CNN+EfficientNetB0 (Action 1). The reward is +1 for correct classification, 0 otherwise. This 
lightweight state representation enables fast, real-time decision-making. 

Stage 3  
RL Agent with Feature-Cluster State Representation (Part B — Proposed Model): To achieve richer 
state representation, the state space in Stage 3 is defined by K-Means clustering (k=5) of 1280-di-
mensional MobileNetV2 deep feature vectors. The cluster ID of each image serves as its state, cap-
turing semantic content rather than simple brightness. The same Q-learning framework and reward 
function as Stage 2 are retained. This results in more data-driven, semantically informed decision-
making. 
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FINAL RL  ORCHESTRATION FRAMEWORK 
The finalized system uses a Q-learning based reinforcement learning agent that selects between two 
classification pipelines: 

(1) MobileNetV2 feature extractor + ELM classifier 
(2) EfficientNetB0 CNN classifier 

At inference time, the RL agent observes the input state and selects the model that maximizes the ex-
pected reward. Earlier mechanisms, such as confidence-based selection and ensemble weighting, 
were evaluated as baseline variants but are not part of the final architecture. 

ALGORITHM 
BEGIN 

Step 1: Data Acquisition and Pre-Processing: Load dataset D 

             Preprocess D (scaling, encoding, splitting into train, val, test) 

Step 2: Initialize Models 

             models = [Model1, Model2, ..., ModelN] 

             weights = initialize_weights(n) # w1, w2, ..., wn where w is the weight and n is number 

Step 3: RL Agent Setup 

             Initialize Q-table; Define state S, actions A, reward R 

Step 4: RL Training Loop 

             FOR episode in max_episodes: 

                  state = get_current_performance (models, weights, validation_data) 

                  action = select_action (Q, state) 

                  weights = adjust_weights (weights, action) 

                   new_performance = evaluate_ensemble (models, weights, validation_data) 

                   reward = new_performance. accuracy - state. accuracy 

                   new_state = new_performance. metrics 

                   update_Q (Q, state, action, reward, new_state) 

 Step 5: Ensemble Prediction 

              FOR each sample x in test_data: 

                  prediction_scores = [] 

                FOR i in range(n): 

               prob = models[i]. predict_proba(x) 

               prediction_scores += weights[i] * prob 

                     y_final = argmax(prediction_scores) 

                     store_prediction(y_final) 

 Step 6: Output: Display accuracy, precision, recall, F1, AUC 

END 
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This algorithm describes a RL-based ensemble method for model selection and weighting. First, the 
dataset is loaded and pre-processed through scaling, encoding, and splitting into training, validation, 
and testing sets. After that, a number of models are initialized, along with the weights that corre-
spond to them, which the RL agent will subsequently modify. During each training episode, the RL 
agent, which is configured with states, actions, and rewards, assesses the ensemble’s performance, 
chooses an action to adjust weights, and updates the Q-table according to the reward obtained from 
accuracy gains. The ensemble then predicts the test data after combining the weighted probabilities 
from each model to identify the final class. Lastly, the algorithm assesses overall performance by 
evaluating and producing metrics like accuracy, precision, recall, F1-score, and AUC. To get the 
freshness of the flower freshness determination algorithm is used. To visually depict regions of dif-
ferent brightness, it first normalizes and converts the image to grayscale before creating a heatmap 
using a color map. The percentage of fresh areas is determined by applying a threshold to identify 
bright pixels, which indicate freshness. The algorithm overlays the freshness percentage on top of the 
original image and the matching heatmap image. 

EVALUATION AND MODEL DEPLOYMENT 
In this module, performance evaluation is carried out by testing the RL agent’s learned policy on the 
full flower test dataset. The final predictions are compared against the true labels, and the overall ac-
curacy is calculated to measure correctness. In addition, the framework can easily be extended to 
compute precision, recall, and F1-score since predictions and ground truths are already stored after 
each step. The inference time is implicitly considered through the RL agent’s reward, which balances 
accuracy and speed by deciding whether to use ELM (faster but lighter) or CNN (heavier but some-
times more accurate). For model deployment, the learned Q-table (policy) is saved to disk 
(agent_output/q_table_partA.pkl and agent_output/q_table_partB.pkl) so the system can directly 
load and apply the best decisions without retraining.  

IMPLEMENTATION DETAILS 
With GPU support to expedite training and testing, the system is implemented in Python using li-
braries such as scikit-learn, TensorFlow/Keras, and NumPy.  

EXPERIMENTAL SETUP 
The experiments were implemented using Python in the Google Colab environment with GPU ac-
celeration support. Table 2 depicts the summary of the training parameters. The model was trained 
for 25 epochs, meaning the training dataset was passed through the network 25 times to improve 
learning. A batch size of 32 was used, so the model processed 32 samples at a time before updating 
its weights, which helps balance memory usage and training stability. The Adam optimizer with a 
learning rate of 0.0001 was applied to efficiently adjust the model parameters during training. The 
categorical cross-entropy loss function was used to measure the difference between predicted class 
probabilities and the true labels for multi-class classification. 

Table 2 Summary of Training parameters 

Parameter Value 
Epochs 25 
Batch size 32 
Optimizer Adam 
Learning rate 0.0001 
Loss categorical cross entropy 
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Table 3 Summary of ELM parameters 

Parameter Value 
Hidden nodes 1000 

Activation ReLU 
Regularization 0.001 

 

The ELM model was configured with 1000 hidden nodes, enabling the network to capture complex 
patterns and relationships within the input features. The ReLU (Rectified Linear Unit) activation 
function was used to introduce non-linearity, which helps improve the model’s learning capability 
and computational efficiency. A regularization parameter of 0.001 as shown in Table 3, was applied 
to prevent overfitting and enhance the model’s generalization performance on unseen data. 

Table 4 Summary of RL parameters 

Parameter Value 
Episodes 2000 
Learning rate α 0.1 
Discount γ 0.9 
ε decay 0.995 → 0.01 

 

As shown in Table 4, the reinforcement learning agent was trained for 2000 episodes to allow suffi-
cient exploration and learning of optimal model selection strategies. A learning rate (α) of 0.1 was 
used to control how quickly the Q-values were updated during training. The discount factor (γ) of 0.9 
was applied to prioritize future rewards while still considering immediate outcomes. Additionally, the 
ε value decayed from 0.995 to 0.01, gradually shifting the agent from exploration of different actions 
to exploitation of the best learned policy. 

Table 5 Description of Dataset 

Dataset Location Number of images Type Total 
Kaggle [33]  3670 Daisy 633 

Dandelion 898 
Rose 641 

Sunflower 699 
Tulip 799 

Augmentation 14680 
 

The total dataset used is depicted in Table 5. The dataset comprises 5 classes, and the total number 
of images per class is depicted in Table 5. Subsequently, pre-processing techniques were applied to 
the images, including resizing and cropping them to 224×224 pixels. Then data augmentation tech-
niques are used. It includes rotation (±20°), zoom (20%), width/height shift (20%), horizontal flip-
ping and updated data to 14680. To address class imbalance, the dataset was shuffled and data aug-
mentation techniques were applied predominantly to the minority classes. In the future the class 
weights can be used for balancing the data. Data is split into 80:20 as training and testing.  

A Q-learning-based RL agent adaptively chooses the optimal feature-classifier path for real-time 
flower prediction, while features are extracted using TL models and classified using an ELM. Each 
image is normalized to the [0,1] range, resized to a fixed dimension, augmented into three more vari-
ants with random changes, and labels are numerically encoded for model compatibility. As shown in 
Table 1, this procedure increases the dataset’s diversity and aids in the model’s ability to generalize 
for precise flower identification by quadrupling its initial size.  
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The proposed framework integrates ELM with MobileNetV2 features and compares it against a 
CNN-based transfer learning approach using EfficientNetB0. ELM uses random hidden layer 
weights with sigmoid/ReLU activations and pseudo-inverse computation for output weights, ena-
bling very fast training, while EfficientNetB0 is fine-tuned with augmentation techniques to improve 
robustness. Both processing pipelines are assessed using multiple criteria, including overall accuracy, 
detailed classification reports, computational training time, and visual analyses of the CNN training 
dynamics. In addition, an agent-based decision mechanism is employed to compare the outputs of 
the two models and select the prediction associated with the higher confidence level. The chosen 
outcome is then presented along with its corresponding confidence score, providing a transparent 
basis for the final decision. This is extended with RL using Q-learning, where the agent dynamically 
decides between ELM and CNN based on rewards tied to prediction accuracy. The RL framework 
evolves from a simple random model selection to a state-dependent decision-making process using 
brightness-based bins in Part A and K-Means clustering of deep features in Part B. Overall, Part A 
provides a simple discretized state representation, while Part B uses feature clustering for richer state 
representation, resulting in more adaptive and data-driven decision-making. 

RESULTS AND DISCUSSIONS 
Initially the data is trained with the ELM model and able to get the accuracy as 0.39, next the ELM 
model is updated with the hyper parameter tunings, the splitting of the dataset is changed from 70:30 
to 80:20. In the ELM model the number of hidden layers is increased from 200 to 2000. The model 
was able get the accuracy up to 0.5279. Still the testing result was wrong for some cases since roses 
are shown as tulip. Figure 2 shows the wrong result obtained by the ELM model.  

 

 
Figure 2 Predicted Wrong Result of ELM Model- [Kaggle-dataset-class-roses]. 

 

MobileNetV2 was employed as the feature extraction backbone, with the dataset split into 80% for 
training and 20% for testing. The model was configured with a hidden layer of 1000 neurons and 
achieved a training accuracy of 84.33%. The same image, which is used to set ELM is used and able 
to predict the correct result as shown in Figure 3.  
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Figure 3 Confusion Matrix and Result of ELM+MobileNetV2 Model [Kaggle-dataset-roses] 

 

During the learning phase the k-cross validation is used to get better learning by the agent for the 
feature extraction. For agent learning, ensemble learning with soft voting is used. ELM+Agent is able 
to predict most of the flower species, but in some cases, like the rose and tulip and the daisy and sun-
flower images, it is not able to distinguish. To overcome this problem fine- tuning of the base model 
is done. In this process, MobileNetV2 pre-trained is fine-tuned by removing its top classification lay-
ers (`include_top=False`). Only the recently added layers like global average pooling, dropout, and a 
dense classification layer are trained on the flower dataset because the weights of the base model are 
frozen (`base_model.trainable = False`). This enables the model to modify only the last layers for the 
new classification task; while reusing potent pre-trained features, the results of the accuracy and loss 
of ELM+MobileNetV2 with training and testing are depicted in Figure 4.  

 



Rao, Hanumanthappa, Shetty, & Rao H 

15 

 
Figure 4 Fine-tuned ELM+MobileNetV2 Model Accuracy and Loss 

 

  

Figure 5 Classification Report of ELM+MobileNetV2 Model and CNN+EfficentNetB0 

 

Fine tuning is done in the CNN+EfficientNetB0 model also. After training and testing the models 
on the augmented dataset the classification report and time taken to classify the results are depicted 
in Figure 5 and graphical representation is depicted in Figure 6. The classification report of the 
ELM+MobileNetV2 and the CNN+EfficientNetB0 with respect to five classes of the flowers are 
shown. The report also shows the macro average and weighted average of the accuracy of the mod-
els. The time taken by the model to classify the results in seconds is depicted. It is observed that 
ELM+ MobileNetV2 model takes a lower amount of time and gives the best Accuracy, Precision, 
recall, F1-Score, Support for the augmented dataset. 
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Figure 6 Graphical Representation of Classification Report 

The models’ prediction with and without agentic approach is developed. Next the models are saved 
accordingly and tested with the images with the confidence of the prediction. Figure 7 depicts the re-
sult of the ELM and CNN model with the confidence of the classes. The actual image is dandelion 
and the model gives the image as class 1 with ELM classification as correct result.  

 
 

Figure 7 Result of ELM and CNN models Figure 8 Result Agentic Prediction 
 

The agent clearly watches performance-classification report, accuracy, and time taken to classify the 
result. Depending upon these criteria the agent chooses the model for predicting the new result. Fig-
ure 8 depicts the agentic approach to ELM+ and CNN+ models. The initial model exhibited insuffi-
cient learning, which was identified through feedback analysis. Consequently, the agent model was 
updated by incorporating RL to improve its performance. In the RL-based agent model, the Q-table 
and reward function are utilized to guide the agent toward producing optimal results. When the 
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model makes an incorrect prediction, it is treated as a learning opportunity. Based on the received re-
ward signal, the agent adjusts its behavior, and the corresponding Q-table values are updated accord-
ingly to improve future decision-making. Figure 9 depicts result of RL -Agent, here Q-table value will 
be 0, because model has already learned. 

 

  
Figure 9 a) Agent-RL Prediction with Q-Table value  

b) Learning Curve with Rewards/Episode 
 

The model was deployed in a real-time environment, where Q-Learning was utilized for agent train-
ing and decision-making. The performance of the RL agent, evaluated using the ELM-Proxy, is pre-
sented in Figure 10. The model is applied in a real-time environment where Q-Learning guides the 
agent’s learning, with results showing baseline accuracies of 97.7% for ELM-proxy and 93.3% for 
CNN before reinforcement learning orchestration. Over 2000 episodes, the RL agent stabilizes at an 
average reward of 0.97–0.99, reflecting near-optimal performance. The epsilon value decays from 
0.995 to 0.01, ensuring effective exploration early on and exploitation of the best strategy later. Ulti-
mately, the agent learns to Favor ELM-proxy in 4 out of 5 states, confirming it as the dominant strat-
egy over CNN. 
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Figure 10 LOG of Agent-RL-Q Learning with ELM-Proxy Part A 

Figure 11 shows the log of the Agent RL-Q-Learning. In the first run, MobileNetV2 features were 
clustered with K-Means to define states, but this led to poor alignment with true classes and only 
~29.8% test accuracy despite steady reward improvements. Training lasted 2000 episodes with epsi-
lon decaying from 0.3670 to 0.01, and the results were saved for later use. In contrast, the second run 
used preloaded models with more meaningful state representations, allowing the agent to achieve 
high rewards (0.92–0.96) throughout training. This led to a final test accuracy of ~95.8%, demon-
strating effective learning, and the Q-table was saved for deployment.  

  
Figure 11 LOG of Agent-RL-Q-Learning with clusters Part B 

Figure 12 presents two graphs that together illustrate the reinforcement learning training outcome. 
The left plot represents the immediate reward obtained at each step, while the right plot depicts the 
cumulative or average performance of the agent over time. 
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Figure 12 Reward and Accuracy of Agent-RL-Q-Learning 

In a real-time scenario, the ability of the agent to continuously learn from and adapt to its environ-
ment is critical for accurate decision-making. To detect the state of each image based on its mean in-
tensity, the proposed system first prepares the test dataset, loads the pre-trained models, and con-
structs a custom reinforcement learning environment called FlowerEnv. Actions in this environment 
correspond to choosing the CNN or ELM for prediction. Over thousands of episodes, the Q-Learn-
ing Agent (QAgent) gradually transitions from random exploration to policy-driven exploitation by 
updating its Q-table depending on incentives (+1 for correct classification, 0 otherwise). Following 
training, a smoothed reward plot is created to show the agent’s learning progress, the learnt policy is 
assessed on the complete test set, the final accuracy is reported, and the Q-table is preserved. Figure 
13 presents two smoothed reward plots from a Reinforcement Learning experiment, both showing 
performance over 2000 episodes with a sliding window of 50. The plot on the left shows an agent 
performing consistently well, with rewards tightly clustered between 0.800 and 1.000, suggesting a 
task that is largely mastered. In contrast, the plot on the right shows performance fluctuating sub-
stantially between 0.10 and 0.45, indicating a significantly more challenging or unsolved task where 
the agent has not yet converged to a high-performing policy. 

 

  
Figure 13 Agent-RL-Q Learning with the environment 
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Table 6 presents the performance of all models in classifying flower species with respect to training 
accuracy, and Figure 14 provides a graphical comparison of the same results. Among the evaluated 
models, the proposed model — RL+Agent+ELM_MobileNetV2+CNN_EfficientNetB0, achieves 
the highest performance. Furthermore, the proposed model is trained using Q-Learning and Cluster-
ing techniques, where Q-Learning demonstrates superior performance compared to the other ap-
proaches. 

Table 6 Comparison of Different Models with Proposed Model 

Model Accuracy 
ELM 0.39 
ELM+ Hidden Node 0.52 
ELM+ MobileNetV2 (Without fine tuning) 0.83 
ELM+ MobileNetV2 (Fine tuning) 0.91 
CNN EfficientNetB0(Without fine tuning) 0.21 
CNN+EfficientNetB0(With fine tuning) 0.82 
RL+AGENT 0.95 
RL+AGENT+ELM-PROXY 0.977 
RL+AGENT+CNN 0.933 
RL+AGENT+Q-Learning (Proposed Model) 0.958 
RL+AGENT+ Cluster_state (Checked for unsupervised) 0.298 

 

 
Figure 14 Comparison of Different model 

 
Table 7. Metric Comparisons Orchestra Framework 

MODEL ACCURACY FLOWER PRECISION RECALL 
F1-
Score 

CNN + EfficientNetB0 
(without fine tuning) 0.21 

Daisy 0.17 0.17 0.17 
Dandelion 0.23 0.21 0.22 
Roses 0.21 0.22 0.2 
Sunflower 0.15 0.16 0.15 
Tulip 0.28 0.31 0.3 
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MODEL ACCURACY FLOWER PRECISION RECALL 
F1-
Score 

ELM+MobileNeTV2 
(without fine tuning) 0.83 

Daisy 0.91 0.83 0.87 
Dandelion 0.89 0.84 0.87 
Roses 0.83 0.83 0.86 
Sunflower 0.82 0.81 0.82 
Tulip 0.78 0.81 0.83 

 
Table 7 depicts the performance matric of the proposed framework with respect to CNN+ Efficient-
netB0 and ELM+MobileNetV2. 

Table 8 Summary of Training parameters 
Model Accuracy Inference Time 
ELM 0.39 0.12s 

ELM + MobileNetV2 0.83 0.15s 
CNN + EfficientNetB0 0.82 0.40s 

RL Agent (routing) 0.958 0.22s 
 
In Table 8, the Extreme Learning Machine (ELM) model achieved fast inference (0.12 s) but low ac-
curacy (0.39) due to limited feature extraction capability. When combined with MobileNetV2, the ac-
curacy significantly improved to 0.83 with only a small increase in inference time (0.15 s). The CNN 
model using EfficientNetB0 produced a similar accuracy of 0.82 but required a longer inference time 
of 0.40 s because of its deeper architecture. The proposed reinforcement learning (RL) routing agent 
achieved the best performance with 0.958 accuracy and moderate inference time of 0.22 s. This 
demonstrates that intelligent model selection through RL improves overall classification accuracy 
while maintaining efficient computation. 

The proposed model is tested on the statistical data. Following section gives the detail regarding the 
same. 

STATISTICAL ANALYSIS 
To evaluate the performance differences between the RL classifier and the ELM, multiple statistical 
tests were conducted, including McNemar’s test, one-way ANOVA, and Wilcoxon signed-rank tests 
(Rainio et al., 2024; Y. Yang & Liu, 1999). Each test assessed a different aspect of classifier performance 
and robustness. 

MCNEMAR TEST 
McNemar’s test was applied to paired classification decisions of the RL and ELM models on the 
same dataset. Table 9 depicts the test result. 

Table 9. McNemar Test Results 

Parameter Value 
b (ELM correct, RL wrong) 423 
c (RL correct, ELM wrong) 217 
Test Statistic (χ²) 217.0 
p-value 2.98 × 10⁻¹⁶ 
Significance ✔ Significant 
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The resulting test statistic was the following: 

χ² = 217.0, p = 2.98 × 10⁻¹⁶ 
Since p < 0.05, there is strong evidence of a statistically significant difference between the two classi-
fiers. 

Interpretation 
The McNemar test (χ²=217.0, p=2.98×10⁻¹⁶) reveals a highly significant asymmetry in the pattern of 
disagreements between the RL and ELM classifiers, specifically, b=423 cases where ELM was correct 
but RL was wrong, and c=217 cases where RL was correct but ELM was wrong. While c < b sug-
gests ELM has an advantage in the disagreement cells, the highly significant p-value confirms that the 
two models make errors on qualitatively different samples — evidence of fundamentally different de-
cision boundaries and feature associations. This result does not, by itself, indicate which model is 
globally superior; rather, it confirms the models are complementary and rely on different classifica-
tion mechanisms, justifying the RL orchestration framework that leverages both. 

ONE-WAY ANOVA ON CROSS-VALIDATION ACCURACIES 
A one-way ANOVA was performed on the fold-wise accuracies across models. Table 10 depicts the 
results. 

Table 10. ANOVA Results 

Statistic Value 

F-statistic 21.62 

p-value 0.00165 

Significance ✔ Significant 

 

F = 21.62, p = 0.0016, indicates that at least one model exhibits significantly different performance 
compared to the others. 

Interpretation 
There are measurable performance differences between RL and ELM across folds. The ANOVA re-
sult (F=21.62, p=0.0016) indicates statistically significant differences in mean accuracy across mod-
els.  

WILCOXON SIGNED-RANK TEST 
To avoid the normality assumptions of ANOVA, the Wilcoxon test was applied to paired fold-level 
accuracies. Table 11 depicts the result of same. 

Table 11. Wilcoxon Signed-Rank Test 

Comparison Statistic p-value Significance 

RL vs ELM 0.0 0.0625 ✘ Not Significant 

Since p > 0.05, the Wilcoxon test does not detect a statistically significant difference between the 
models’ fold accuracies. 

Interpretation 
Although the McNemar test indicates significant differences in sample-level predictions, the fold-
level accuracy differences are not statistically significant under a non-parametric test. The Wilcoxon 
signed-rank test applied to paired fold-level accuracies yielded a test statistic of 0.0 with p=0.0625. 



Rao, Hanumanthappa, Shetty, & Rao H 

23 

Since p > 0.05, this non-parametric test does not provide sufficient evidence to conclude that RL 
outperforms ELM at the fold level under a strict significance threshold. This result should be inter-
preted cautiously: while the ANOVA suggests significant mean differences, the Wilcoxon test, which 
makes fewer distributional assumptions, indicates these advantages are not consistently realized 
across all validation folds. Collectively, the evidence suggests RL achieves higher average accuracy 
and qualitatively different error patterns compared to ELM, but its fold-level advantage does not 
reach non-parametric significance, likely due to the small number of folds (k=5) and variance in fold 
composition. 

 
Figure 15. p-Value statistical Test 

Figure 15 illustrates the test statistics for the McNemar, ANOVA, Wilcoxon-1, and Wilcoxon-2 tests, 
comparing the RL and ELM classifiers. The horizontal line in the graph represents the significance 
threshold of α = 0.05, above which a test statistic is considered statistically significant. The McNemar 
test statistic appears at the bottom of the graph, well below this significance threshold, indicating that 
there is no statistically significant disagreement between the two models at the level of individual 
sample predictions. In other words, the RL and ELM classifiers tend to agree on their predictions for 
individual samples more often than would be expected by chance. The ANOVA analysis points to a 
moderate effect, suggesting that the RL model generally attains a higher mean accuracy across the 
validation folds; however, the magnitude of this difference is modest and less pronounced than the 
disparities observed at the individual sample level. The Wilcoxon test results, which remain close to 
zero and below the significance threshold, further indicate that this advantage does not hold consist-
ently across all folds. Overall, these findings suggest that while RL exhibits behavior that is marginally 
distinct from ELM and may deliver a slight improvement in average performance, this benefit is une-
ven and cannot be regarded as consistently reliable across all validation folds. 



Adaptive Reinforcement Learning Agent 

24 

 
Figure 16 Comparison of Models: Statistic Test. 

Four statistical tests — ANOVA, McNemar, Wilcoxon-1, and Wilcoxon-2 — were employed to 
evaluate and compare the performance of the ELM and RL classifiers. The McNemar test yielded a 
large test statistic, indicating a statistically significant level of disagreement between the two models in 
their individual sample-level predictions. This suggests that the RL and ELM classifiers operate on 
fundamentally different decision boundaries, capturing distinct patterns within the data. The 
ANOVA results indicate that the RL model achieves a higher mean accuracy across validation folds 
compared to ELM. However, it is important to note that this improvement reflects an advantage at 
the overall fold level, whereas the McNemar test revealed an even stronger divergence at the individ-
ual sample level — meaning the two models disagree more sharply on specific predictions than their 
average fold-level accuracies alone would suggest. The Wilcoxon-1 and Wilcoxon-2 statistics for both 
models remain close to zero, indicating that the performance gain of RL over ELM is not consist-
ently observed across all folds. Taken together, while RL demonstrates marginally superior decision-
making behavior compared to ELM, resulting in a slight improvement in average accuracy, this ad-
vantage is inconsistent across cross-validation folds and therefore cannot be considered uniformly 
reliable. 

The significance results of four statistical tests that were used to compare the RL and ELM classifiers 
are shown in Figure 17, providing information on how their fold-level efficiency and decision-making 
behavior differ. The relatively small p-value obtained from the McNemar test, which is displayed in 
green, indicates a highly significant disagreement between RL and ELM at the sample level and con-
firms that the two models typically generate qualitatively different classification errors. In a similar 
vein, the highly significant ANOVA result indicates that the models’ average accuracy across folds 
varies, with RL typically attaining greater mean performance. These accuracy gains are not consist-
ently seen throughout all cross-validation folds, though, as seen by the lack of significance in both 
Wilcoxon tests. This pattern indicates that RL’s performance advantage fluctuates from fold to fold 
even while it shows greater average accuracy and clearer decision limits. Overall, the picture shows 
that although RL often performs better than ELM and has different behavior, the non-parametric 
pairwise comparisons do not offer enough statistical support to indicate a consistent advantage. 
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Figure 17 Model- Significance Results 

The RL and ELM classifiers exhibit subtle behavioral and performance variations, according to the 
statistical study. Because the two models tend to make mistakes on separate occasions, the McNemar 
test shows a highly significant discrepancy in sample-level predictions, indicating that they rely on dif-
ferent decision mechanisms and feature associations. This trend suggests that the RL model differs 
significantly from ELM in how it generalizes. However, when performance is assessed at the fold 
level, the Wilcoxon signed-rank test does not find a statistically significant difference in accuracy, sug-
gesting that the benefits of the RL model are not consistently realized throughout all validation folds. 

While the ANOVA findings indicate significant variations in mean accuracy between the models, 
these effects might not be caused by consistently better performance from RL, but rather by variabil-
ity across folds or deviations from distributional assumptions. When considered collectively, the re-
sults indicate that although the RL classifier exhibits unique decision behavior and achieves higher 
average accuracy, it lacks the degree of fold-wise consistency necessary to prove significance under 
more cautious non-parametric testing. 

CONCLUSION 
The proposed Adaptive RL Agent–Orchestrated ELM + Transfer Learning framework demonstrates 
an efficient approach for real-time flower species classification. By combining lightweight ELM clas-
sifiers with deep features extracted from pre-trained CNNs and dynamically selecting models through 
a reinforcement learning (RL) agent, the system achieves both speed and adaptability. The RL-based 
orchestration mechanism outperforms conventional static classification approaches, achieving a final 
accuracy of 95.8% while balancing inference time and resource utilization. In addition, statistical vali-
dation using McNemar, ANOVA, and Wilcoxon signed-rank tests confirms that the performance 
improvement of the adaptive framework over static models is statistically significant. These results 
indicate that RL-driven model selection provides a scalable and robust solution suitable for smart ag-
riculture and smart city applications. 

Future work will focus on deploying the proposed framework on embedded edge and IoT devices to 
enable real-time field applications. The system will also be extended to incorporate additional multi-
modal features, such as leaf structure and aroma-related data, to further improve classification ro-
bustness. Another important extension will involve applying the framework to larger and more di-
verse datasets to enhance generalization capability. Additionally, future research will explore flower 
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freshness identification and quality monitoring using temporal image analysis, enabling automated 
assessment of flower quality in agricultural and supply-chain environments. Finally, the integration of 
advanced reinforcement learning algorithms such as Proximal Policy Optimization (PPO) and Asyn-
chronous Advantage Actor–Critic (A3C) may further improve adaptive decision-making and system 
intelligence. 
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