


Aquila-Optimized Recurrent Neural Network for Enhanced Facial Biometric Crime-Control Systems 
Abstract: The increasing complexity of criminal activities and the demand for rapid, reliable identification mechanisms have strengthened the relevance of biometric-based crime-control systems. This study presents an optimized facial biometric recognition framework utilizing an Aquila-enhanced Modified Recurrent Neural Network (AORNN). A dataset of 2,160 real-world facial images was preprocessed through grayscale conversion, cropping, normalization, and histogram equalisation to enhance feature consistency. The Aquila Optimizer was employed to fine-tune the RNN parameters, improving convergence stability and classification performance. The system was implemented in MATLAB R2023a and evaluated using standard biometric metrics. Experimental results show that the AORNN achieved superior performance, attaining a recognition accuracy of 95.83% and an Equal Error Rate of 4.10%, outperforming the baseline RNN. These improvements demonstrate the model’s enhanced discriminative capability and suitability for real-time crime-control applications where accuracy, reliability, and computational efficiency are critical. Future research will focus on multimodal biometric integration, dataset expansion, and deployment on edge-computing architectures to support operational law-enforcement environments.
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1. Introduction
Biometric technologies have become an important part of the security infrastructures, which have provided a promising means of personal identification and verification in both civil and corporate organizations. Facial recognition as a biometric characteristic is appealing in its non-intrusive nature, ease of capture and capability to be used in real time surveillance in preventing crime and investigations of crimes (Zhao et al., 2003). As digital monitoring systems and CCTV networks keep spreading, the ability to automatically detect and identify people of interest has become an essential necessity to successful crime control (Haley, 2025). In spite of the developments, facial biometric systems are still associated with a number of technical setbacks that restrict their use in unmonitored settings.
The high level of variation caused by environmental and physical variations including the change in illumination, facial expression, occlusion, change in pose, and the complexity of the background is one of most critical inhibiting factors to proper facial recognition (Yang et al., 2002). The conventional statistical techniques such as Principal Component Analysis and Linear Discriminant Analysis are usually unable to deliver satisfactory results in such dynamic scenarios (Martinez and Kak, 2001). Despite the fact that the latest deep learning methods have greatly enhanced the capacity of feature extraction and classification, traditional convolutional neural networks are still incapable of explaining their sequential convolution, which can be observed in real-time surveillance camera images (Sun et al., 2014).
Deep learning has also changed the world of biometric recognition by making it possible to have models extract a hierarchical and discriminatory representation off of large datasets (LeCun et al., 2015). Facial recognition is dominated by convolutional neural networks (CNNs) which have high spatial learning (Krizhevsky et al., 2012). Nevertheless, CNNs are not necessarily sensitive to temporal variations between successive image frames or staged facial variations and therefore are not useful in crime-control situations where continuous observation must occur (Shanthi and Manjula, 2025). Recurrent neural networks (RNNs) and its variants, specifically long short-term memory (LSTM) and gated recurrent units (GRU), overcome this drawback by allowing the learning of sequence face cues over time (Hochreiter and Schmidhuber, 1997). Recent research stresses the efficacy of the RNN-based structures in facilitating the robustness under the conditions of working with the noisy or complex biometric data (Mienye et al., 2024).
Nevertheless, even with all these benefits, regular RNN-based architectures continue to have problems of vanishing gradient and poor retention of long-term dependencies, which negatively affect recognition performance on the difficult datasets (Abibullaev et al., 2013). These problems show that architectural improvements are necessary in order to reinforce the feature preservation and enhance stability during training. The AORNN model is thus a good start to enhancing the accuracy and reliability of a facial biometric system in crime-control tasks where precision and real-time measures hold the key.
To address these challenges, this study proposes a facial biometric crime-control framework developed using a the AORNN model. The system integrates advanced facial preprocessing, deep feature extraction, and sequential representation learning via an adapted RNN architecture, followed by classification through an optimized recognition module. The overarching objective is to enhance suspect identification accuracy, reduce recognition errors, and support automated real-world crime monitoring.
2. Literature Review
Modern identification and verification are now a basic practice through the use of biometric systems, as different systems have the capability to use the natural human characteristics of physiological or behavioural characteristics (Adetunji et al., 2015; Adetunji et al., 2018). Biometrics is more reliable than conventional token- or knowledge-based systems since biological characteristics are unique, persistent, and hard to imitate. Jain et al. (2004) define biometric systems as those that obtain a biological sample, extract salient features, and contrast them with available templates to recognise. The use of biometrics in crime-control and security-orientated settings is encouraged by the imperative for automated, real-time, and high-accuracy recognition that would otherwise not be available with traditional methods.
Biometrics are automated systems that can recognise people based on anatomical or behavioural characteristics (Akintunde et al., 2025). Biometric systems can be illustrated as discussed by Ross and Jain (2004), which entail enrolment, feature extraction, and matching to constitute a powerful pipeline for authentication. Universality, distinctiveness, permanence, and collectability underpin the credibility of biometric characteristics. These fundamental ideas have inspired a lot of research in the direction of enhancing recognition precision, particularly in harsh work situations like crime monitoring, low-resolution pictures and live tracking.
One of the most popular modalities that are used is face and iris biometrics because they are non-invasive to obtain and discriminate. The use of face recognition in the area of mass surveillance is common since the user does not need to cooperate, and the image could be captured at a significant distance. Face images, however, are prone to changes in light, position, cover-ups, and ageing. As noted in studies like Zhao et al. (2003), facial recognition is sensitive to environmental variability, and better modelling techniques are required. On the other hand, iris recognition has better uniqueness and stability; thus, it is very dependable in high-security applications. Daugman (1994) showed that the iris patterns do not change over life and could be mathematically converted to powerful templates. The sympathetic capabilities of these modalities have led to their popularity in contemporary security and monitoring designs.
Facial biometric recognition has been among the most popular modalities used in verifying identity, as it is not intrusive to obtain, is less user-friendly and is applicable in real-time security and surveillance contexts (Zhao et al., 2003). Single-mode face recognition systems are especially appealing for crime control purposes since, as Raj et al. (2025) point out, face images may be obtained at a distance without the involvement of users. Nevertheless, the behaviour of these systems still deteriorates in unconstrained situations, like variations in poses, occlusions, and imbalances in illumination, which often typify the security conditions in real-life situations (Geng et al., 2008). Such consistent drawbacks make it imperative to develop better computational models that can support recognition accuracy in working crime-control environments.
The process of feature extraction is an essential part of a face recognition system because it converts raw images into discriminative and small representations. The appearance-based descriptors traditionally, such as Local Binary Patterns (LBP), Gabor wavelets and methods based on multiresolution transforms, have widely been applied to extract textural and structural features of the human face. Yang et al. (2002) stated that it is essential to extract features that are invariant to varying illumination and pose conditions. Equally, Daugman (1993) emphasised the role of statistical independence in the derivation of discriminative local patterns; an idea that remains relevant in today's feature extraction models. In more recent work, it has been noted that hybrid descriptors, which combine statistical and structural data, are beneficial for improving discriminability in low-quality or heterogeneous surveillance conditions.
The development of machine learning technologies and deep neural networks has significantly transformed facial recognition research. The previous systems strongly depended on the classical classifiers like Support Vector Machines (SVM), k-Nearest Neighbour (kNN), and shallow neural networks that were trained on engineered features (Ige et al., 2025; Mustapha et al., 2025). The development of deep learning drew a new paradigm, as models could now directly learn hierarchical spatial representations on image data. Sun et al. (2014) established that deep convolutional architectures are very discriminative in facial embedding, and they demonstrate significant performance in uncontrolled surveillance scenarios. Despite the work on recurrent neural models in video-based face recognition, traditional RNNs have been found problematic in terms of their ability to scale to long-term temporal dependence modelling and variable frame quality.
The optimisation techniques are also important for optimising the performance of the classifier by improving parameter tuning, feature selection, and convergence stability (Ola et al., 2019; Ola et al., 2020; Ogundepo et al., 2022). Optimisers based on nature have demonstrated encouraging performance in the exploration and exploitation trade-off, with promising performance on more complex models delivering better recognition performance in over-noisy and dynamic environments, including the Aquila Optimiser by Abualigah et al. (2021). These optimisation methods are especially applicable to crime-control cases where video records are often affected by inconsistent lighting, obscuration, and motion artefacts.
Regardless of these developments, face-based biometric systems are still susceptible to the operation issues of occlusion, low resolution and uneven lighting (Crawford, 2011; Oguntoye et al., 2025). Besides, deep learning models, though potent, still need massive data, which is diverse in order to be generalised, and their performance may diminish in the conditions when the quality of images is unpredictable. More advanced architecture, more robust optimisation schemes, and more sophisticated feature-extraction methods, as highlighted by Laishram et al. (2025), are all that is needed to increase the trustworthiness of the facial biometric systems in security and crime-control applications. These shortcomings underscore the need to have advanced models that can combine spatial-temporal learning with optimal selection of features. This will require designing the AORNN model to strengthen temporal feature representation, enhance recognition accuracy when processing video sequences, and improve overall reliability for crime-control applications.
3.0 Methodology
A structured machine-learning workflow was employed to develop the facial component of the biometric crime-control system. High-resolution facial images were acquired using a digital camera and subjected to a comprehensive preprocessing pipeline involving grayscale conversion, cropping, normalization, and histogram equalization to standardize illumination and suppress background artefacts. The RNN model’s parameters were optimized using the Aquila Optimizer and the resulting AORNN model was used to extract features and SoftMax was employed for classification. The facial recognition module was implemented in MATLAB R2023a, and its effectiveness was evaluated using standard biometric performance metrics; recognition accuracy, FAR, FRR, and EER; to determine its suitability for crime-control applications.
3.1 Image Capturing Phase
This stage involved the acquisition of a facial dataset for developing the proposed crime-control recognition system. A total of 2,160 facial images were collected from 720 participants at Ladoke Akintola University of Technology (LAUTECH), Ogbomoso, with each participant providing three high-resolution facial samples captured under real-world, unconstrained conditions. To prevent overfitting and ensure robust model generalization, the dataset was partitioned into a 70% training set (1,512 images) and a 30% testing set (648 images). All hyperparameters were tuned exclusively on the training subset. Furthermore, each experiment was repeated five times with different random initializations, and the mean performance metrics were reported to enhance stability and minimize bias. This dataset configuration ensured sufficient variability, resilience, and real-world relevance for the development of an effective crime-control mechanism, as illustrated in Figures 1 and 2.
3.2 Image Preprocessing Phase
Images of faces obtained at the capturing phase were not always directly usable and hence preprocessing was done to improve the quality of the images and to be sure that the images provided to the recognition model were always consistent and noise-free. Activities carried out in the preprocessing phase included resizing of images, conversion into grayscale, equalizing of illumination, image cropping, noise reduction, and contrast. These measures were necessary to enhance the quality of the facial features and reduce the effects of the variation of lighting, background disturbance, and the differences in facial poses. The raw faces that were obtained during the acquisition process had to be preprocessed to enhance the quality of the image, noise reduction, and standardization, which would help to identify the faces.
Preprocessing is an important step in image processing and computer vision since it enhances visible structure details that are necessary to identify objects or people correctly. In this experiment, facial images were initially converted to grayscale, and then they were cropped in such a way that they isolated the region of interest. To increase contrast and correct unequal illumination, histogram equalization was used. Other operations like smoothing and sharpening were used to reduce noise and accentuate the edges of the faces. The following operations made sure that standard quality high-quality images were provided to feature extraction and classification phases. 
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Figure 1: Flow Diagram of the training stage
3.3.1 Conversion to Grayscale 
The images of the faces that were taken with the aid of the digital camera had initially been in three-dimensional format of RGB colour. To make processing easier and to minimise the computational complexity, every image was converted into two-dimensional grayscale format with an intensity value in the range of 0 to 255. In MATLAB, numerical representation of every grayscale image was in the form of a matrix that was converted to a one-dimensional object to be normalized and further processed. 
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Figure 2: Flow Diagram of Testing and Recognition Stage
The transformation decreased the redundancy in the image channels and gave more focus to the luminance information, which is more important in characterizing the facial features. This step reduces pixel analysis at pixel level and highlights the structural and textural patterns that are important in facial recognition.
3.3.2 Algorithms are the histogram equalization algorithm
 Histogram equalisation was applied to enhance the contrast of facial images and reduce illumination inconsistencies that could impair feature extraction. The technique redistributes pixel intensities using the cumulative distribution function (CDF) of the original image, thereby expanding the dynamic range of gray levels and improving structural visibility (Zhu & Huang, 2012). Given an image with gray levels  and density , the transformation  ensures probability preservation:
Given the monotonic nature of , the transformed PDF becomes:
The practical implementation uses the cumulative distribution of the original intensities:
where denotes the total number of pixels, and is the number of pixels at gray level . The enhanced gray level is then computed as:
where is the number of available gray levels. In addition, the entropy at each gray level, representing information content, is computed as:
and the overall entropy of the image is:
The combined effect of contrast enhancement and entropy redistribution yields an image with improved structural clarity and greater robustness to illumination-induced distortions.
3.4 Feature Extraction 
In the proposed Aquila-Optimized Recurrent Neural Network (AO-RNN), feature extraction focuses on emphasizing the most discriminative facial patterns. After preprocessing, each facial image is transformed into a structured sequence suitable for recurrent processing. Specifically, each 2D grayscale image is decomposed into a temporal sequence by converting each row into a feature vector, producing a sequence , where corresponds to the number of image rows. This representation preserves spatial locality and enables the RNN to model spatial–temporal dependencies across facial structures. The baseline RNN architecture consists of a single recurrent layer with  hidden units, followed by a fully connected projection layer and a SoftMax classification layer. The nonlinear activation function  is implemented using Tanh to stabilize gradient propagation across time steps. For each sequence element, the hidden-state update is defined as:

where , , and denote the input, recurrent, and bias parameters, respectively. This design enables the AO-RNN to process row-level or block-level features while learning discriminative facial representations necessary for robust crime-control recognition.
3.5. Optimization of Neural Network model of Face-Based Biometric Crime Control System
In this study, an Aquila-Optimized Recurrent Neural Network (AO-RNN) was developed by integrating the Aquila Optimizer (AO) for hyperparameter optimization. AO was used to tune key RNN hyperparameters, including the learning rate, number of hidden units, batch size, and weight initialization parameters. This optimization improves the AO-RNN’s ability to extract salient facial features, suppress redundant information, and accelerate convergence.
3.5.1 Aquila-Optimized Recurrent Neural Network (AO-RNN)
The AO-RNN begins with the initialization of the recurrent architecture. The sequential input vectors are fed into the network, and the parameters and biases are initialized. The initial hidden state is randomly initialized to facilitate the learning of temporal feature dependencies. During forward propagation, the hidden state at each time step is computed as:
where  is Tanh or ReLU. The output is computed using:
producing probabilistic identity predictions.
To ensure reproducibility, the Aquila Optimizer was configured with a population size of 20 candidate solutions and 150 maximum iterations. The hyperparameter search space was defined as:
i. Learning rate 
ii. Hidden units 
iii. Batch size 
iv. Weight initialization: Xavier or He initialization
The AO control parameters were set following recommended configurations:
, , exploitation coefficient , and refinement factor . These settings ensure balanced exploration and exploitation during optimization. The optimizer iteratively refined the hyperparameters using exploration, exploitation, attacking, and refinement strategies until convergence. The optimal hyperparameters were used to train the final AO-RNN model, targeted at yielding faster convergence, improved accuracy, and reduced computational overhead relative to the baseline RNN. The optimized network is subsequently deployed for biometric crime-control tasks, strengthening bimodal authentication performance. The AO-RNN framework is outlined in Algorithm 3.1. 
	Algorithm 3.1: Aquila-Optimized Recurrent Neural Network (AO-RNN)

	Step 1: Initialization of the Recurrent Neural Network (RNN)
The input sequence is provided, where denotes the input at time step . The RNN parameters, including input-to-hidden weights , hidden-to-hidden weights , hidden-to-output weights , and bias terms are initialized. The hidden state is randomly initialized as .
Step 2: Forward Propagation
For each time step , the hidden state and network output are computed:
where is an activation function (tanh/ReLU).
The output prediction is obtained as:
where is Softmax for classification tasks.
Step 3: Loss Function Computation
For classification, the cross-entropy loss over time steps is defined as:
where is the number of classes, is the true label, and is the predicted probability.
Step 4: Hyperparameter Optimization using Aquila Optimizer (AO)
The Aquila Optimizer refines RNN hyperparameters such as learning rate, number of hidden units, batch size, and weight initialization.
Step 4.1: Initialization of AO
A population of candidate solutions is created, each representing a set of RNN hyperparameters. The search space is defined for: learning rate , • hidden units batch size  initialization parameters
Step 4.2: Aquila Optimization Strategies
1. Exploration (Soaring and Observing Mode)

2. Exploitation (Targeting Prey – Straight Flight)

3. Attacking (Diving – Spiral Motion)

4. Final Refinement (Slow Motion)
where is the current solution, the best solution, and are AO control parameters.
Step 5: Performance Evaluation
The RNN is trained using the AO-selected hyperparameters, and performance metrics are computed.
Step 6: Output
Return the best hyperparameter set and the trained AO-RNN model.



3.7 Implementation of the Developed Model
    The Aquila-Optimized Recurrent Neural Network (AO-RNN) was implemented in MATLAB R2023a using integrated toolboxes for deep learning, optimization, and biometric image processing. The Deep Learning Toolbox supported the design and training of the RNN architecture, while the Optimization Toolbox enabled seamless incorporation of the Aquila Optimizer for hyperparameter tuning. Image preprocessing was performed using the Image Processing Toolbox, with GPU-accelerated execution enabled by the Parallel Computing Toolbox. Experiments were conducted on a Windows 10 system (Intel Core i7, 16 GB RAM, NVIDIA CUDA GPU), providing sufficient computational capacity for efficient model training and large-scale biometric data processing. The GUI application developed for the study is depicted in Figure 3.
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Figure 3:  GUI Application for Facial Biometric
3.8 Evaluation Measures
      The proposed AO-RNN model was evaluated using standard biometric performance metrics, including False Acceptance Rate (FAR), False Rejection Rate (FRR), Recognition Accuracy, and Equal Error Rate (EER). These metrics collectively assess the discriminative capability and operational reliability of the crime-control recognition system. In this context, TP represents correctly identified suspects, TN represents correctly rejected non-suspects, FP denotes non-suspects incorrectly accepted as suspects, and FN denotes suspects incorrectly rejected. The performance measures are defined as:
FAR = FP / (FP + TN) × 100%                                                       (10)
FRR = FN / (FN + TP) × 100%                                                       (11)
Accuracy = (TP + TN) / (TP + TN + FP + FN) × 100%.                (12)
The EER, computed at the threshold where FAR equals FRR, reflects the system’s overall error balance.
4.0 Results and Discussion
For this study, the evaluation of the facial crime-control recognition system was based on the performance outcomes of the baseline Recurrent Neural Network (RNN) and the Aquila-Optimized Recurrent Neural Network (AO-RNN). Experimental findings demonstrated that the performance metrics of both models were highly sensitive to the selected decision threshold. Notably, optimal system performance was consistently achieved at a threshold of 0.75. Accordingly, the detailed comparative analysis between the two models focuses on the results obtained at this threshold, as it provided the most reliable and discriminative performance for facial recognition in crime-control applications.
Table 1: Confusion Matrix for Crime-Control Facial Recognition System
	Techniques
	[bookmark: _Hlk50464312]RNN a
	[bookmark: _Hlk50464336]AO-RNNb

	 
	 
	Predicted Class
	Predicted Class

	 
	
	Suspect
	Non-Suspect
	Suspect
	Non-Suspect  

	Actual Class
	Suspect (368)
	TP (346)
	 FN (22)
	TP (351)
	FN (17)

	
	Non-Suspect  (280)
	 FP (16) 
	 TN (264)
	FP (10) 
	TN (270)


a Recurrent Neural Network (RNN)  b Aquila-Optimized Recurrent Neural Network

The confusion matrices presented in Table 1 summarize the performance of the Recurrent Neural Network (RNN) and the Aquila-Optimized Recurrent Neural Network (AO-RNN) in the facial crime-control recognition system. The RNN correctly identified 346 suspects, while 22 suspects were misclassified as non-suspects, yielding a higher false rejection tendency. Additionally, the model incorrectly flagged 16 non-suspects as suspects, reflecting its false acceptance behaviour. In contrast, the AO-RNN demonstrated superior discriminative capability, accurately recognizing 351 suspects and correctly rejecting 270 non-suspects. The false rejection count decreased to 17, and false acceptance reduced to 10, indicating a more favourable balance between security and reliability. Therefore, the AO-RNN achieved a significantly improved classification performance compared with the baseline RNN, making it more suitable for operational crime-control applications. 

The quantitative performance results in Table 2 provide a detailed comparison between the baseline RNN and the AO-RNN model for facial crime-control recognition. At the optimal operating threshold of 0.75, the RNN achieved a FAR of 5.71%, a FRR of 5.98%, and an overall accuracy of 94.14%, with a computation time of 91.93 seconds. In contrast, the AO-RNN demonstrated markedly superior performance, attaining a lower FAR of 3.57%, reduced FRR of 4.62%, and an improved accuracy of 95.83%, while also decreasing processing time to 79.16 seconds.  The AO-RNN achieved a shorter total computational time (79.16 s) compared to the baseline RNN (91.93 s), reflecting faster convergence. On a per-epoch basis, the AO-RNN required fewer optimization iterations due to Aquila-based hyperparameter tuning, enabling more efficient training and reduced processing overhead during facial recognition.
Table 2: Performance of the Techniques
	[bookmark: _Hlk211593822]Model
	FAR (%)
	FRR (%)
	ACC (%)
	Time (sec)

	RNN
	5.71
	5.98
	94.14
	91.93

	AORNN
	3.57
	4.62
	95.83
	79.16








These results highlight the enhanced discriminative capability and computational efficiency achieved through Aquila-based optimization, reinforcing the AO-RNN’s suitability for real-time crime-control applications where reliability and speed are critical. 
The Equal Error Rate (EER), obtained from the intersection of the FAR and FRR curves, provides an additional measure of the system’s overall reliability. The graphical analysis shows that the baseline RNN produced an EER of 5.85%, whereas the AO-RNN achieved a lower EER of 4.10%, with the intersection points depicted in Figures 4 and 5. This reduction in EER indicates that the Aquila-optimized model offers a more balanced error trade-off, demonstrating improved robustness in distinguishing suspects from non-suspects. The enhanced performance further reinforces the AO-RNN’s suitability for deployment in high-security, real-time crime-control environments. 
 
    Figure 4: EER Analysis of RNN                   Figure 5: EER Analysis of AO-RNN

Discussion of Results 
The results of this study underscore the practical significance of integrating metaheuristic optimization techniques into recurrent neural network architectures for crime-control facial recognition. The AO-RNN demonstrated superior discriminative capability relative to the baseline RNN, as evidenced by its reduced false acceptance and false rejection tendencies, which are critical for minimizing false alarms and missed suspect identifications in real-world security operations (Jain et al., 2004; Sarkar & Singh, 2020). The improvement in FAR and FRR directly enhances operational reliability, ensuring that authorized individuals are not mistakenly flagged while simultaneously reducing the likelihood of non-suspects being misclassified as suspects, a balance essential for high-stakes law-enforcement environments.
The AO-RNN’s higher accuracy and decreased computational time highlight its suitability for deployment in real-time surveillance and automated suspect-identification systems. Faster processing is particularly valuable in live crime-control scenarios, where rapid decision-making is required to support timely intervention (Faruqui et al., 2023). The lower EER achieved by the AO-RNN further indicates a more favourable equilibrium between security and usability, reinforcing the robustness of the optimized model in balancing Type I and Type II error risks (Guo and Mu, 2011).
The improved accuracy, reduced error rates, and faster processing observed in the AO-RNN align with prior studies demonstrating the effectiveness of optimization-enhanced deep learning models for biometric security (Ayeswarya and Singh, 2024; Pillai et al., 2025). Similar performance gains have been reported in optimized CNN- and RNN-based recognition systems across forensic and surveillance applications.
From a theoretical standpoint, the performance gains observed in the AO-RNN can be attributed to the Aquila Optimizer’s efficient exploration and exploitation mechanisms, which enhance the convergence behaviour of the recurrent network. This aligns with established findings on the effectiveness of metaheuristic optimization for tuning deep learning models and improving feature discrimination in high-dimensional biometric spaces (Mirjalili et al., 2016; Sherstinsky, 2020). The integration of the Aquila Optimizer into the RNN framework contributes to the growing body of literature on hybrid intelligent systems that combine deep learning with evolutionary computation to enhance performance in complex pattern-recognition domains (Oguntoye et al., 2023; Atanda et al., 2023).
The improved robustness, accuracy, and efficiency exhibited by the AO-RNN validate its potential for practical crime-control deployments, such as automated suspect identification, surveillance analytics, and forensic investigations. Furthermore, the study advances theoretical understanding of hybrid metaheuristic–deep learning models, demonstrating the value of synergistically combining global optimization strategies with recurrent architectures to address real-world biometric recognition challenges.
5.0       Conclusion and Recommendations
This study developed an optimized facial biometric crime-control system using an Aquila-Enhanced Recurrent Neural Network (AO-RNN) and demonstrated substantial performance improvements over the baseline RNN. Through comprehensive experimentation, the AO-RNN achieved reduced error rates, higher recognition accuracy, and improved computational efficiency, underscoring its suitability for real-time security applications. The enhanced discriminative capability of the optimized model confirms the effectiveness of integrating metaheuristic optimization with deep learning architectures for complex biometric recognition tasks. Overall, the findings highlight the AO-RNN’s potential as a reliable, efficient, and scalable solution for automated suspect identification and crime-control operations. Future work should explore the integration of multimodal biometrics; such as fingerprint, iris, and gait; to further strengthen system robustness and reduce reliance on a single trait. Expanding the dataset to include diverse environmental conditions and demographic variations will enhance generalizability. Deployment on edge-computing platforms is also recommended to support real-time surveillance scenarios. Additionally, incorporating explainable AI techniques may improve transparency and trustworthiness in law-enforcement applications.
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