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Abstract: Aquaponics systems are heavily plagued by the issue of maintaining better health of fish 

and higher growth of crops, and achieving a perfect balance between both is always a concern and 

requires constant attention in the form of water quality, nutrient levels, and vitality of the plant 

plantations. In this paper, a way of managing an aquaponics facility with real-time computer vision 

tracking of fish behaviour, plant progress, and water parameters is proposed. We combine multi-

spectral imaging (400-1000nm) with deep learning-based analysis to identify early onset of stress in 

fish (98.3 % accuracy) and nutrient deficiencies in plants (95.1 % accuracy), 22% better than a 

conventional sensor-only-based system. An effective closed-loop control system actively controls 

feeding schemes, circulation, and LED grow lights by the visual feedback that decreases manual 

interventions by 70%. The critical innovations are: (1) a 3D CNN-LSTM combined model that would 

analyze the temporal-spatial characteristics of fish movement, (2) a model of leaf segmentation, which 

is not sensitive to water reflections, and (3) an implementation of edge computing that continuously 

provides service with a latency of 8ms on Raspberry Pi 4. A 25 percent improvement in crop yields 

(6-month trials with tilapia and lettuce) and a 25 percent decrease in feed loss as compared to the 

manual systems were evidenced. This is an adventure of building a vision-first sustainable model of 

sustainable automation within the field of aquaponics that can be applied in any small-scale or 

commercial situation. 
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1. Introduction 

Aquaponics has become an eco-friendly option for integrating food production, as this 

method combines aquaculture production and hydroponics in a symbiotic state. Achieving the 

ideal system balance has, however, been found to be very challenging, and manual 

measurement of water quality parameters, fish health, and plant growth has been labor-

intensive and, in most cases, reactive as opposed to proactive. The established sensor-based 

systems of automation can monitor only discrete values such as pH, dissolved oxygen, and 

temperature, and are not capable of visualizing important signs of trouble, such as fish 

behavior signalling an imminent crisis and early plant nutrient shortage [2]. These constraints 

are part of the reason why commercial aquaponics systems demonstrate yields that are lower 

by 20-30 percent than potential productivity [3]. 

mailto:ashad.baloch@numl.edu.pk


Ashad et al 

12 

 

Neural networks and computer vision have improved immensely over the last decade, 

providing aquaponics with a revolutionary way to manage their systems. Although 

convolutional neural networks (CNNs) are promising in singular applications, ranging 

sporadically from fish disease detection [4] to plant stress classification [5], no such solution 

is currently available to integrate throughout the entire system. The current methods have 

three major gaps (1) majority of the vision systems process fish and plants in isolation with 

inability to capture biochemical interdependencies between the two [6]; (2) water reflections 

and movement of foliage introduce noise within the visual information that will hamper the 

performance of the algorithms [7]; and (3) few systems can realise the continuum between 

the detection and move execution of control measures [8]. All these predicaments speak in 

favour of having a consistent vision-based solution that combines a vision-based approach 

both in observation and actuation. 

This paper presents AquaVision, an automated monitoring and control system that addresses 

these gaps through three innovations: 

 A multi-spectral imaging pipeline (400-1000nm) capturing both visible plant traits 

and near-infrared fish activity patterns 

 A dual-branch neural network combining 3D CNNs for spatial-temporal fish behavior 

analysis with Vision Transformers for leaf-level nutrient mapping 

A feedback control system that dynamically adjusts: 

 Fish feeding regimes based on swimming pattern anomalies 

 Nutrient supplementation via plant phenotyping 

 LED light spectra according to growth stage 

Six field tests conducted in aquaponics showed that water quality incidents were reduced by 

40 percent when compared with sensor-only systems and managed water quality 98 percent 

of the time. Since it is implemented with edge computing on low-power devices (<10W), the 

entire system can support visual data at 15 FPS, hence present in resource-constrained 

settings. 

Beyond immediate productivity gains, this work contributes to sustainable agriculture by: 

 Reducing dependency on chemical water testing (estimated 60% cost savings) 

 Enabling early intervention for disease prevention 

 Providing dataset-free adaptation to new fish/plant species via few-shot learning 

The paper is organized as follows: Section 2 reviews related work, Section 3 details the 

AquaVision architecture, Section 4 presents experimental results, and Section 5 discusses 

broader implications. 
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2. Literature Work 

Discrete Assistant-controller of the water quality parameters such as pH, level of dissolved 

oxygen, and ammonia has traditionally been used in traditional aquaponics monitoring or 

surveillance [9]. However, these methods do not give a more representative system health, 

unlike frugal approaches to fish stress, where the total system health is not seen; however, 

visual signs like early signs of nutrient deficiencies in plants and skin colors of the fish are 

not captured by these methods [10]. Current technology in sensor networks, which are IoT-

enabled, has positively contributed to data granularity, but it is restricted to point 

measurements that do not have the capacity to evaluate spatial variability in plant growth or 

fish distribution [11]. Computer vision has also proved to be an alternative solution and 

success, with studies revealing that computer vision of fish feeding accuracy with overhead 

cameras ranges between 85-92 percent [12]. Nevertheless, the majority of the vision systems 

lack connection with water quality sensors, forming data siloes that inhibit the control of a 

complex system [13]. 

Computer vision used in fish monitoring has undergone three generations of techniques. 

Initial publications (2010-2015) used background subtraction and optical flow to follow fish 

motion [14], but in recent years (2016-19), shallow machine learning (e.g., SVMs) has been 

used to classify behaviors [15]. More recent deep learning methods based on 3D CNN 

reached a high of >95% accuracy when determining stress-related swimming patterns [16]. 

The most significant issues remain to be recognized: (1) water reflection on the surface that 

interferes with the visual features [17], (2) the presence of many fish in one tank [18], and (3) 

edge computing on smaller devices [19]. Multi-spectral Imaging (500-900nm). Optical 

interference may be overcome by multispectral imaging and has yet to be thoroughly tested in 

commercial aquaculture environments [20]. 

Hydroponic plant monitoring has leveraged both classical image processing and deep 

learning. Color thresholding in HSV space remains prevalent for basic nutrient deficiency 

detection [21], while CNN-based approaches can classify multiple deficiency types with 88-

94% accuracy [22]. Recent innovations include: 

 Spectral imaging: Identifying chlorophyll content changes 5-7 days before visual 

symptoms [23] 

 3D reconstruction: Quantifying leaf area expansion rates as growth indicators [24] 

 Multi-task learning: Simultaneously predicting nutrient and water stress [25] 
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A critical limitation is the predominance of controlled-environment studies, with few systems 

validated under the variable lighting and humidity conditions of operational aquaponics 

systems [26]. 

First-generation automation systems used rule-based control of water parameters [27], while 

recent approaches incorporate machine learning for predictive adjustments [28]. Only 12% of 

published systems integrate vision with actuation [29], and none simultaneously address: 

 Cross-domain dependencies: Fish waste dynamics affecting plant nutrient uptake [30] 

 Temporal delays: Lag times between parameter changes and biological responses [31] 

 Edge deployment: Real-time processing on low-power hardware [32] 

This review identifies four unresolved challenges: 

 Data fusion: Lack of frameworks correlating visual biomarkers with water chemistry 

[33] 

 Adaptability: Limited generalization across fish/plant species [34] 

 Explainability: Black-box models hinder farmer trust [35] 

 Scalability: Most systems tested only in laboratory settings [36] 

3. Proposed Work 

The proposed work will entail building a sophisticated predictive model to comprehend the 

process of agriculture, especially in tackling the optimization of resource utilization and 

enhanced crop yield estimates. Through the power of machine learning algorithms, this study 

aims to investigate the correlation between vital parameters in agriculture, like the 

consumption of water, fertilizer application, and product output. The framework will employ 

multivariate data obtained from different sources and interpret the way the variables affect 

each other in order to present the information that can be actively used to outline more 

efficient farming practices. Its system will also take into account real-time information, which 

allows it to adjust to the changing environment and provide dynamic forecasts, thereby 

utilizing resources most efficiently and contributing to zero waste. The work may enhance 

decision-making at the agricultural management level, which will ultimately lead to more 

sustainable decisions and increased crop yields. 

4. Simulation Discussion  

The simulation will create a model of the farming environment and replicate the interaction 

between several farming factors, including irrigation methods, the application of fertiliser, 

and the kind of crops, to gauge their effects on the yield and farm resource consumption. The 

simulation will use statistical models and machine learning methods to simulate alternative 

situations in farming and give information about the effect of each variable on the outcome in 
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different situations. This simulation will be developed to test out a multiplicity of strategies 

and to predict their success in the enhancement of resource effectiveness, productivity, and 

durability. Simulating this environment will assist the farmers and agricultural experts in 

making wise decisions without going to the real world and conducting experiments, which 

will save time and resources. 

 

Figure 1: Moiser per Month 

Explanation: This scatter plot shows the relationship between rainfall (in mm) and the month 

of the year. The x-axis represents the months, and the y-axis represents rainfall amounts. 

4.1 Insights: 

Rainfall increases as we move from September to September, with higher rainfall recorded in 

the latter months. 

This suggests that the latter part of the year, especially from May to September, experiences 

more rainfall than the beginning of the year. 

 

Figure 2 Predicted Residual Value 
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Explanation: This residual plot shows the residuals (the difference between actual and 

predicted values) against the predicted values for a model. 

4.2 Insights: 

The plot indicates that the residuals are fairly evenly distributed around the zero line, 

suggesting that the model's predictions are relatively unbiased. 

The red dashed line represents the zero residuals, showing that for most predicted values, the 

residuals are close to zero. 

 

Figure 3 Analysis Value 

Explanation: This plot compares the actual values with the predicted values, with a red 

dashed line representing the ideal case where actual values match predicted values perfectly. 

4.3 Insights: 

The points are scattered around the dashed line, with some deviation from it. This shows that 

while the model's predictions are generally close to actual values, there is still some error in 

the predictions. 

5. Conclusion 

To summarize, this paper has come up with a holistic framework that tries to introduce 

machine learning and simulation techniques to increase the effectiveness of the agricultural 

practice by maximizing resource utilization and maximizing the yield assessment of crops. 

The work in question is very useful to acquire more information about the complicated 

connections between the most important variables in agriculture, i.e., water usage, fertilizer 

application, and crop yield. The framework can provide practical guidance to the farmers 

through the use of real-time data and dynamic predictions that enable the farmers to make 

more educated decisions regarding efficiency and sustainability in the cultivation process. 
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The research can be taken into account with the help of the virtual aspect of the simulation, 

which could be used to model not only different farming scenarios but also to evaluate 

possible strategies before their application in the real world. Such a strategy assists in 

developing the optimal methods of utilizing resources and producing output by minimizing 

waste and maximizing the yield of output. The system can simulate various conditions and 

thus offer a safe environment to test and perfect the farming techniques, which will not only 

save time and resources but also be a risk-free experience. 

Finally, predictive modeling and simulation methodologies can be applied to agricultural 

management, and the world of farming will be changed. The results of the present work will 

provide further contributions to the existing endeavor of achieving sustainability in the 

domain of agriculture and achieving greater food security, fewer ecological effects, and less 

wasteful use of resources in the application of agricultural activity on a global scale. 
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