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Abstract

Recent progress in computer vision and embedded systems has facilitated real-time moni-
toring of bioprocesses; however, lightweight and scalable solutions for resource-constrained
settings remain limited. This work presents a modular framework for monitoring Chlorella
vulgaris growth by integrating RGB image processing with multimodal sensor fusion.
The system incorporates a Logitech C920 camera and low-cost pH and temperature sen-
sors within a compact photobioreactor. It extracts RGB channel statistics, luminance, and
environmental data to generate a 10-dimensional feature vector. A feedforward artifi-
cial neural network (ANN) with ReLU activations, dropout layers, and SMOTE-based
data balancing was trained to classify growth phases: lag, exponential, and stationary.
The optimized model, quantized to 8 bits, was deployed on an ESP32 microcontroller,
achieving 98.62% accuracy with 4.8 ms inference time and a 13.48 kB memory footprint.
Robustness analysis confirmed tolerance to geometric transformations, though variable
lighting reduced performance. Principal component analysis (PCA) retained 95% variance,
supporting the discriminative power of the features. The proposed system outperformed
previous vision-only methods, demonstrating the advantages of multimodal fusion for
early detection. Limitations include sensitivity to lighting and validation limited to a single
species. Future directions include incorporating active lighting control and extending the
model to multi-species classification for broader applicability.

Keywords: computer vision; machine learning; bioprocess monitoring

1. Introduction
Over the past decade, computer vision has evolved from classic digital image pro-

cessing into an indispensable component of embedded systems, where computational
efficiency, modular design, and autonomous operation are mandatory for sectors as di-
verse as biomedicine, protected agriculture, and mobile robotics [1–3]. This progress has
been driven by hardware innovations such as pixel-parallel processor arrays (PPAs) and
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domain-specific architectures (DSAs) that deliver low latency and high energy efficiency
for real-time, compute-intensive machine-learning tasks [4,5]. In parallel, algorithmic ad-
vances, particularly evolutionary computer vision, have enabled the solution of complex
problems through stochastic and metaheuristic optimization, maximizing resource use in
constrained environments [6]. Evolutionary neural networks now achieve outstanding ac-
curacy in classification and segmentation, and frameworks such as CNNParted show how
model partitioning and quantization can balance accuracy and power draw on low-cost
devices [7]. Nevertheless, designing truly generic architectures that seamlessly combine
these hardware-software advances while ensuring portability and scalability amid the
rapid emergence of new models remains an open challenge [8].

To validate the modular framework proposed in this study, we applied it to the moni-
toring of Chlorella vulgaris cultures. Fusing RGB images of cell density with multimodal
data on pH and temperature enables continuous, non-invasive tracking of growth kinetics
in Chlorella vulgaris, where each phase exhibits unique biochemical signatures that align
with our RGBI features. During the lag phase, cells prioritize adaptation through enzyme
synthesis and chlorophyll production (primary metabolites), detectable as gradual increases
in green-channel intensity (G). The exponential phase (critical for biofuel applications due
to rapid accumulation of lipids and proteins) shows strong correlations with sharp rises in
luminance (I) and chromatic variance. As nutrients deplete in the stationary phase, cells
shift to storage compounds (e.g., starch) and secondary metabolites like carotenoids marked
by stabilized RGB means and increased dispersion from cell aggregation. This biochemical-
photometric linkage, enhanced by pH/temperature data (e.g., detecting acidification during
lipid turnover), provides a robust framework for strain selection and process optimization,
particularly for high-value metabolites [9–11]. Low-cost devices for biomass quantification
have also been developed for resource-limited settings [10]. Real-time models based on
YOLO and R-CNN variants report mean average precision (mAP) above 0.95 for microal-
gal cell detection in micrographs, confirming feasibility on computationally constrained
embedded platforms [12–14]. A MobileNet + Spatial Pyramid Pooling variant of YOLOv3
achieved 98.90% accuracy on ballast-water samples, underscoring the effectiveness of
lightweight architectures [15,16]. Advanced systems such as the Confocal Hyperspectral
Microscopic Imager (CHMI) have reached 98.34% identification rates with deep networks,
improving phenotypic resolution without complex sample preparation [17]. Traditional
optical methods based on absorption and scattering remain essential for assessing biomass
and stress responses, and their integration with machine-learning algorithms could yield
more robust, scalable monitoring [18]. For a comprehensive edge-oriented characterization,
future studies should report inference latency and energy consumption.

Although many optimized YOLOv5 versions have been proposed for edge deploy-
ments, they typically target narrow tasks and lack cross-platform evaluations of latency,
power, and accuracy. For instance, ref. [19] introduced SCB-YOLOv5, replacing the back-
bone with ShuffleNetV2 and adding a BCS-FPN attention module, reducing parameters by
22.4% and FLOPs by 21.7% for traffic-sign detection, yet omitting inference-time and power
metrics on embedded hardware. The authors of ref. [20] developed a GSConv-enhanced
YOLOv5 for PCB defect detection, achieving 94.9% mAP@0.5 with 53.7% fewer parameters
but without scalability tests across domains. Surveys of pruning, quantization, and knowl-
edge distillation still report no latency-or-energy data on low-cost devices [21,22]. Ref. [23]
showed that YOLOv5 (35.6 FPS, 3.2 GB GPU) and Swin Transformer (3.9 FPS, 12.2 GB)
reach 90–95% accuracy under controlled conditions, but their reliance on costly hardware
and sensitivity to misalignment (performance drops to 94% under calibration errors) hinder
scalability. The authors of ref. [24] reported 98.8% mAP and 41 ms inference on FPGA for
railway-component detection, yet their design is domain-specific, hardware-intensive, and
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lacks multimodal adaptability. The authors of ref. [25] presented LFD-YOLO, integrating
GhostConv and an Efficient Multi-Scale Attention block, improving mAP@IoU = 0.5–0.95
by 0.5 pp and cutting FLOPs by 35%, but without energy or portability benchmarks on
diverse embedded platforms. The authors of ref. [26] showed that structured pruning and
full-integer quantization can save up to 40% energy on sensor-edge systems, yet they did
not test cross-domain accuracy. The authors of ref. [27] applied dynamic sparse learning
for aerial tracking to lower inference latency by 30%, but energy use and scalability on
heterogeneous hardware remained unreported. Previous work achieved 9 ms sampling
and 90.2% accuracy in structured industrial settings [28,29] and 91.5% AP for open-field
strawberry harvesting [30], yet lacked FPS data and multiscale tests. These gaps highlight
the need for a unified framework that merges multimodal RGB + environmental capture
with a lightweight, SMOTE balanced ANN and delivers thorough assessments of inference
latency, power draw, and accuracy across growth stages.

In this paper, we present a modular embedded monitoring framework that acquires
real-time RGB images of a region of interest (ROI) together with pH, temperature, and
light-intensity readings to classify the growth phases of Chlorella vulgaris. We design
a sequential multilayer artificial neural network (ANN) for three-class prediction (lag,
exponential, stationary) using ReLU activations to mitigate vanishing gradients, dropout
layers (0.2–0.5) to prevent overfitting, and categorical cross-entropy optimized with Adam
(learning rate = 0.001); growth-phase labels are one-hot encoded. The output layer uses
softmax activation to normalize predictions into a probability distribution across the three
phases (Lag, Exponential, Stationary). Sparse categorical cross-entropy was chosen as the
loss function because it directly penalizes misclassifications in one-hot encoded labels,
synergizing with SMOTE to improve minority-class recall [31]. This combination is ideal
for imbalanced biological data where phase transitions are critical. The system is deployed
in a low-cost smart photobioreactor, where it achieves 0.995 ± 0.001 accuracy (validated by
40 k-fold runs), 50 ms inference latency, and modest resource usage. Principal component
analysis (PCA) confirms class separability while retaining 95% of the original variance.
These results demonstrate the framework’s scalability for edge-computing scenarios and
its potential transfer to other computer-vision domains under resource constraints.

2. Materials and Methods
2.1. Experimental System

Experiments were run in triplicate to increase data reliability and to build a robust,
structured data set for multimodal learning. A purposembuilt cylindrical smart photobiore-
actor (working volume = 4 L, 10 cm inner diameter, 50 cm height) was assembled from
PVC tubing and 3D printed mounts, facilitating direct integration of sensors and imaging
devices [32]. Airflow was regulated by a needle valve (1.5–2.5 L min−1), while constant illu-
mination was provided by twelve cool-white LEDs (≈ 6000 K, 400–700 nm) driven by PWM
from an ESP32 microcontroller. A PH-4502C pH electrode and a DS18B20 temperature
probe were installed 15 cm above the base; a Logitech C920 HD camera (3 MP) was fixed
10 cm from the reactor wall, capturing a centered 250 × 250-px region of interest (ROI).

While optical methods such as fluorescence-based pH measurement offer high pre-
cision, this study prioritizes computational feasibility and cost-effectiveness for resource-
constrained environments. The PH-4502C electrode was selected due to its compatibility
with embedded systems and minimal calibration requirements, despite potential trade-offs
in resolution compared to advanced biochemical techniques. The framework’s core innova-
tion lies in fusing RGB image features with low-cost sensor data, rather than relying on
specialized instrumentation. Future iterations could explore hybrid optical–computational
approaches if budgetary and technical constraints are alleviated. Images were acquired
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hourly during three non-overlapping cultivation cycles (12 February–7 March, 12 March–11
April and 11 April–23 May 2025) totaling 98 days. Unequal cycle lengths are inconsequen-
tial, as the goal is not to compare yields but to supply diverse data for multimodal training.
Figure 1 shows the 3D layout with sensor and camera positions; Figure 2 details the ESP32
wiring diagram.

 

Figure 1. Schematic of the smart photobioreactor with sensor and camera placement.

 
Figure 2. Wiring diagram of the ESP32 based acquisition and control system.

All cultivation cycles used the same strain of Chlorella vulgaris, obtained commercially
and scaled to an initial volume of 900 mL (1:3 inoculum-to-water ratio) using potable water
and an unspecified nutrient supplement (blue powder formulation). The culture medium
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was maintained at 25–28 ◦C, with aeration provided by an aquarium pump (2.0 L min−1)
via a needle valve, ensuring consistent dissolved oxygen levels. Illumination was supplied
by a 6W white LED panel (≈6000 K, 400–700 nm) positioned beneath the reactor, with
photoperiods aligned to natural growth phases. The system was sealed with a 3D-printed
lid and covered with a black fabric to minimize external light interference, the LED panel
provided consistent bottom-up illumination (6W, 6000 K), ensuring that luminance (I) mea-
surements directly correlated with microalgal density. As cells grew, light transmission
decreased due to chlorophyll absorption, enabling phase detection without background
subtraction. This design intentionally avoids ‘light-off’ scenarios, as the proposed method
relies on dynamic light attenuation by the culture itself. pH remained stable (7.20–10.40)
across cycles, though nutrient depletion in stationary phases likely influenced metabolic
byproducts. Notably, lag phases varied significantly (0.1–113.4 h), attributed to initial
adaptation in later cycles, while exponential (5.1 days avg) and stationary phases (23.9 days
avg) showed consistent durations. Failures occurred only under power interruptions,
highlighting the system’s dependence on stable electricity despite its low-cost design.

The proposed system relies on non-invasive RGB image analysis as a proxy for biomass
density, avoiding destructive sampling or expensive laboratory equipment (e.g., spec-
trophotometers). While traditional methods like optical density (OD680) or dry weight
measurements provide absolute biomass quantification, this study prioritizes a low-cost,
vision-based proxy for phase classification. The RGBI features (e.g., luminance II) cor-
relate with growth phases through kinetic patterns (Section 3.1.1), eliminating the need
for laboratory-grade calibration. This approach aligns with prior works in microalgae
monitoring [33,34], where relative color shifts (not absolute biomass), are sufficient for
phase discrimination in resource-constrained settings.

2.2. Framework Architecture

Figure 3 summarizes the four-stage workflow. (i) Image capture: RGB frames are
acquired under fixed white balance, exposure, and focus. (ii) Multimodal fusion: the ROI
is cropped, channel statistics are extracted, and concatenated with synchronous pH and
temperature readings to form a feature vector. (iii) Prediction: a pre-trained artificial neural
network (ANN) classifies the culture as lag, exponential, or stationary. (iv) Adaptive control:
the ESP32 adjusts LED intensity, aeration rate, or temperature according to the predicted
phase, closing an intelligent feedback loop. The physical setup used for image acquisi-
tion and environmental control is shown in Figure 4, which depicts the photobioreactor
prototype used.

Figure 3. Block diagram of the proposed four-stage monitoring and control framework.
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Figure 4. Smart bioreactor: (Left) inactive state, empty with no illumination; (Right) operational state,
showing suspended Chlorella vulgaris and green LED lighting.

2.3. Data Acquisition and Preprocessing

The Logitech C920 operated at its native 3 MP resolution; autofocus was disabled
(cv2.CAP_PROP_AUTOFOCUS = 0, value 65) as was auto-exposure (cv2.CAP_PROP_AU
TO_EXPOSURE = 0.1, value 60). The camera mount ensured spatial repeatability. Back-
ground subtraction was unnecessary due to the fixed camera alignment and ROI crop-
ping (250 × 250 px center region). The reactor’s sealed design and controlled illumi-
nation (cool-white LEDs at 6000 K) ensured consistent imaging conditions, with the
ROI containing only the culture medium. Autofocus and auto-exposure were disabled
(cv2.CAP_PROP_AUTOFOCUS = 0, cv2.CAP_PROP_AUTO_EXPOSURE = 0.1) to pre-
vent artifacts from ambient light changes. This setup inherently isolates the culture from
background interference, as validated by the model’s tolerance to geometric perturbations
(Section 3.4).

The system captures a dynamic range of cell densities corresponding to all growth
phases (Lag, Exponential, Stationary), as evidenced by the luminance values (1.8–251.2
in 8-bit scale, Table 1). While absolute density quantification was beyond this study’s
scope, the framework’s robustness across phases (Section 3.1) confirms its suitability for
low-to-medium density cultures typical of lab-scale photobioreactors.
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Table 1. Input feature scheme and normalization ranges used for the neural network.

No. Feature Symbol Observed Range* Normalization Method Normalized
Range

1 Mean red intensity R 1.8–249.9 (8-bit) Z-score (µ = 32.2, σ = 62.9) −0.4–+3.4
2 Mean green intensity G 1.8–252.9 (8-bit) Z-score (µ = 64.8, σ = 84.4) −0.7–+2.2
3 Mean blue intensity B 1.6–251.7 (8-bit) Z-score (µ = 45.6, σ = 69.7) −0.6–+2.9

4 Mean perceptual
luminance I 1.8–251.2 (8-bit) Z-score (µ = 55.3, σ = 76.6) −0.7–+2.5

5 Red channel std. dev. σR 0.3–37.5 (8-bit) Min–max 0–1
6 Green channel std. dev. σG 0.3–39.3 (8-bit) Min–max 0–1
7 Blue channel std. dev. σB 0.2–43.0 (8-bit) Min–max 0–1
8 Luminance std. dev. σI 0.2–35.9 (8-bit) Min–max 0–1
9 Mean pH pHmean 7.20–10.40 Min–max 0–1

10 Mean temperature (◦C) Tmean 21.69–31.31 Min–max 0–1

2.4. Multimodal Feature Construction

Each sample is encoded as a ten-element vector:[
R, G, B , I, σR, σG, σB, σI , pHmean, Tmean

]
(1)

For pHmean and Tmean, twenty readings spaced 2 s apart were filtered for outliers
with the IQR method and averaged. The ROI was converted from BGR to RGB, smoothed
with a 5 × 5 Gaussian kernel, and per-channel means and standard deviations were com-
puted. Perceptual luminance (I) was computed using the Rec. 709 standard formula:
I = 0.2126 R + 0.7152 G + 0.0722 B [ITU-R BT.709−6, 2015]. This weighting reflects both hu-
man vision sensitivity (green > red > blue) and Chlorella vulgaris’ spectral response, where
chlorophyll-a absorbs predominantly in red/blue wavelengths (400–500 nm, 600–700 nm),
making green channel intensity (500–600 nm) a robust proxy for biomass density [9,10].
The formula thus aligns optical measurements with both physiological relevance and
computational efficiency, the standard deviation is σI. Table 1 lists observed ranges and
normalization parameters.

Outliers in pH and temperature were filtered using the IQR method (threshold:
1.5 × IQR). Shapiro–Wilk tests confirmed non-normality in raw data (p < 0.001), but Z-score
normalization (Table 1) mitigates skewness. Histograms and boxplots (Figure 5) show
that removed outliers were extreme values (e.g., sensor noise during aeration), not biologi-
cal trends: mean pH/temperature shifted minimally (8.93→9.03, 27.85→27.95 ◦C). PCA
(Figure 6) retained 95% variance after filtering, confirming that critical phase-discriminative
features were preserved. This aligns with studies showing that microalgae growth kinetics
are robust to minor sensor fluctuations [9,10].
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Figure 5. Distribution analysis of pH and temperature data before and after IQR outlier filtering.
Histograms and kernel density estimates showing non-normal distributions (Shapiro–Wilk p < 0.001).
Filtered distributions maintain similar central tendencies. Boxplots demonstrate outlier removal
(1.5 × IQR threshold). Mean values shifted minimally after filtering (temperature: 27.85→27.96 ◦C;
pH: 8.94→9.04).



Eng 2025, 6, 221 9 of 23

Figure 6. Principal Component Analysis (PCA) of the 10-dimensional feature space. Two-dimensional
projection showing clear separation between growth phases (Lag, Exponential, Stationary), with 95%
variance retained. Cumulative explained variance indicating 2 principal components capture >80%
of variance. Results confirm that IQR filtering preserved biologically meaningful patterns in the data.
PCA was applied solely to confirm feature discriminability (95% variance retained) for the ANN
classifier, not to infer biological patterns. The 2D projection (Figure 6) shows clear phase separation,
validating the RGBI + sensor fusion for computational phase detection.

2.5. Neural Network Training

The classifier is a feedback RNA implemented in Keras, designed to optimize effi-
ciency and deployment on hardware with limited resources. While the architecture is
not novel, its optimization (quantization, dropout, and SMOTE balancing) addresses defi-
ciencies in previous work by combining low latency (<5 ms) with high accuracy (98.6%)
in embedded systems, a balance rarely achieved in microalgae monitoring. The 10-unit
input layer feeds into three dense layers of 64, 64, and 32 neurons with ReLU activations
(Figure 7), and the final layer uses a SOFTMAX activation function. Each hidden layer
has a dropout rate of 0.2 to 0.4, and early stopping (patience = 5) restores the best weights.
Adam optimization uses a learning rate of 0.001 and sparse categorical cross-entropy loss
(sparse_categorical_crossentropy). Class imbalance is mitigated with SMOTE [35]. Five-
fold cross-validation, repeated 40 times with different seeds, provides accuracy, recall, F1
score, and AUC-ROC. Data partitioning followed a stratified 5-fold cross-validation scheme
(repeated 40× with random seeds) to ensure balanced representation of all growth phases
in training/validation sets. Each fold used 80% of data for training and 20% for validation,
iterating until all subsets were evaluated. This rigorous approach mitigates overfitting and
provides robust performance metrics (Section 3.1).

Categorical cross-entropy was chosen over alternatives (e.g., MSE) because it di-
rectly optimizes probabilistic confidence in mutually exclusive growth phases (Lag = 0,
Exponential = 1, Stationary = 2), penalizing misclassifications more sharply when prob-
abilities diverge from one-hot encoded labels [31]. This aligns with SMOTE-augmented
data, as the loss function’s gradient updates prioritize correcting errors in minority classes
(e.g., exponential phase), synergizing with synthetic samples to improve recall (Table 2).
The combination of SMOTE and categorical cross-entropy ensured balanced learning
across phases despite their inherent biochemical asymmetry (e.g., longer stationary phases
in fermentation).
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Figure 7. Layer-by-layer architecture of the feed-forward ANN classifier.

Table 2. Overall classification performance (mean ± standard deviation) obtained with 5-fold stratified.

Metric Lag Phase Exponential
Phase

Stationary
Phase

Macro
Average

Accuracy 0.9923 0.9665 0.9997 0.9862
Recall 0.9920 0.9941 0.9924 0.9928

F1-score 0.9920 0.9799 0.9960 0.9893
AUC-ROC 0.9999 0.9997 0.9999 0.9999

The dataset exhibited an inherent class imbalance (Figure 8), with the stationary phase
representing 70.8% of the samples, while the exponential and lag phases accounted for
18.1% and 11.1%, respectively, a distribution consistent with microbial growth kinetics,
where the stationary phase tends to dominate cultivation timelines [9]. To ensure robust
learning across all phases, SMOTE [35] was applied to synthetically balance the minority
classes (Lag and Exponential) by generating interpolated samples within their feature-space
neighborhoods. This approach preserved the physiological relationships encoded in the
original 10-dimensional vectors (RGBI, pH, temperature), as evidenced by the model’s
high recall (>99% for all phases) and macro F1-score (98.94%). The near-perfect AUC-ROC
(0.9999) further confirms that SMOTE-enhanced training did not introduce artifactual
separability between classes.
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Figure 8. Class distribution in the raw dataset. Stationary phase dominates (70.8%), reflecting typical
cultivation dynamics where cells spend prolonged periods in nutrient-limited states. Exponential
(18.1%) and lag (11.1%) phases are underrepresented but critical for early intervention.

2.6. Implementation and Computing Environment

All software is written in Python 3.13.5. OpenCV handled image processing; NumPy
supported numerical routines; PyMySQL logged data to MySQL; FastAPI exposed a
REST endpoint; APScheduler triggered hourly tasks. The back-end server (Ubuntu, Intel
i3 7th Gen, 4 GB RAM) receives data from an ESP32 (firmware in C++ using OneWire,
DallasTemperature, ArduinoJson). The trained model was converted to TensorFlow Lite
for Microcontrollers with 8-bit post-training quantization, shrinking it to 13.48 kB and
providing 4.8 ms inference on the ESP32 (≈512 kB SRAM).

The trained model was optimized for embedded deployment using TensorFlow Lite
for Microcontrollers with 8-bit post-training quantization. This process reduced the model
size by 4× (from 54 kB to 13.48 kB) by converting floating-point weights to integers, while
maintaining >98% accuracy through calibration with representative data. Key deployment
metrics included inference latency (4.8 ms, measured via ESP32 cycle counters), memory
footprint (<25 kB RAM, verified via TensorFlow Micro’s memory arena allocator), and
CPU utilization (24% at 50 inferences/s). The quantization-aware training (QAT) strategy
minimized precision loss by preserving critical weight distributions for RGBI and sensor
features, ensuring robust phase classification despite integer-only arithmetic. These metrics
were validated against the original FP32 model using a holdout test set, confirming <2%
deviation in F1-score.

2.7. Robustness Validation

Robustness was evaluated on 50 representative images. Controlled perturbations
included ROI shift (+10 px), brightness increase (+50 levels), Gaussian noise (σ = 25),
rotation (+15◦), zoom (±10%), Gaussian blur (5 × 5) and partial occlusion (25%). Shifts and
rotations changed means by <8% and standard deviations by <20%. Increased brightness
raised channel means proportionally; noise tripled standard deviations while leaving means
virtually unchanged. Zoom-in reduced dispersion up to 40%, whereas zoom-out increased
it up to 50%. Blur lowered standard deviations by 10–15%. Occlusion decreased means
by up to 20% and inflated dispersion by 150%. The system remained stable under minor
geometric perturbations but was sensitive to lighting changes and occlusions, confirming
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that RGBI means are reliable growth indicators provided illumination is controlled and the
ROI remains unobstructed.

3. Results
3.1. Overall Classification Performance

The multimodal classifier achieved outstanding performance when distinguishing
the growth phases of Chlorella vulgaris (Lag, Exponential and Stationary) from RGBI
descriptors, channel wise standard deviations and physicochemical variables (pH, tem-
perature). Averaging 40 independent runs with 5-fold stratified cross validation yielded
a macro accuracy of 98.62%, Recall of 99.29%, F1-score of 98.94% and an AUC-ROC of
0.9999 (Table 2). Stationary achieved the highest classwise Accuracy (99.97%), followed by
Lag (99.24%) and Exponential (96.66%). Exponential obtained the highest Recall (99.41%),
showing that the model captures early-growth patterns even under subtle variations in cell
density. The near-perfect separability (AUC-ROC ≈ 1) confirms that the multimodal vector
faithfully reflects the physiological dynamics of each stage, providing a reliable basis for
automated photobioreactor monitoring.

From a bioprocess perspective, these metrics translate directly to culture management:
Loss (0.02 ± 0.01) quantifies the model’s error in predicting phase transitions critical for
timing nutrient feeds or harvesting. Accuracy (98.6%) ensures reliable phase identification
(e.g., avoiding premature induction during lag). Recall (99.3%) guarantees minimal missed
exponential phases where metabolite production peaks, while F1-score balances false posi-
tives/negatives that could disrupt batch scheduling. The near-perfect AUC-ROC (0.9999)
indicates robustness against noise inherent in bioreactor environments (e.g., bubbles, sensor
drift), outperforming traditional OD600 measurements that often conflate lag and early
exponential phases [9,10].

Growth phase labeling was performed through a hybrid approach combining unsuper-
vised clustering and kinetic validation. First, phases were classified via k-means clustering
(k = 3) of standardized RGBI and pH features, where centroids ordered by mean RGBI
intensity assigned lag (highest I), exponential, and stationary phases (lowest I). This phe-
notypic grouping was then validated by calculating specific growth rates (µ = ∆ln(I)/∆t),
yielding biologically plausible µ_max values (0.04–0.14 h−1) that align with reported ranges
for C. vulgaris under similar conditions [36]. The clustering successfully captured phase
transitions, with exponential-phase µ_max values correlating to centroid-derived classifica-
tions. While k-means provided initial phase boundaries, growth rates confirmed kinetic
consistency, particularly in distinguishing late-exponential and stationary phases where
RGBI plateaus. This dual methodology addresses limitations of purely unsupervised ap-
proaches by integrating both phenotypic (color) and dynamic (µ) criteria, as demonstrated
in similar microbiological studies [37].

3.1.1. Growth Kinetics Analysis

The specific growth rates (µ) during exponential phase were calculated from luminance
(I) using the relationship µ = ∆(ln(I))/∆t (Figure 9), yielding µ_max values of 0.0407 h−1

(Culture 1), 0.1365 h−1 (Culture 2), and 0.0691 h−1 (Culture 3). These variations reflect
differences in environmental conditions (e.g., temperature fluctuations of 25–29 ◦C and pH
7.8–9.6), consistent with reported µ ranges for Chlorella vulgaris under similar settings [33].
The biomass proxy (normalized I) showed classical growth kinetics (Figure 10), with
Culture 2 exhibiting rapid early-phase growth (µ_max > 0.13 h−1) followed by decline,
suggesting possible light/nutrient limitation. While direct cell counts were unavailable,
the strong correlation between I and growth phases aligns with studies validating RGB-
based biomass estimation in microalgae [33,34], where luminance reduction corresponds
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to increased cell density and chlorophyll content. Future work should incorporate offline
OD680 measurements to refine this relationship. It is important to note that this study does
not aim to fit kinetic models (e.g., Monod) due to the absence of substrate concentration
data. Instead, the ANN classifies growth phases based on real-time RGBI trends and
environmental sensors, a pragmatic solution for low-cost monitoring where traditional
biochemical assays are unavailable. Future iterations could explore hybrid models if
nutrient data becomes accessible. While Monod kinetics were not formally fitted due
to substrate data unavailability, the µ_max variability aligns with Monod’s dependence
on environmental factors. Future studies should integrate nutrient monitoring to enable
such modeling.

Figure 9. Specific growth rates (µ) derived from luminance (I) for three C. vulgaris cultures. Dashed
lines indicate µ_max (0.0407–0.1365 h−1), calculated during exponential phase.
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Figure 10. Biomass proxy (1—normalized I) vs. time. Inverted I values simulate optical density
trends, with Culture 2 showing atypical decline post-exponential phase, potentially indicating stress.

3.2. Training Curves

The average loss and Accuracy curves (Figure 11) exhibit stable convergence between
the training and validation sets, with no evidence of overfitting. On average, Early Stopping
triggered at epoch 46, reaching 99.23% validation Accuracy with a minimum validation
loss of 0.02 ± 0.01. The gap between training and validation remained below 0.5% in
Accuracy and 0.01 in loss, confirming strong generalization. Final per-run metrics were
consistent: Accuracy 99.21 ± 0.15%, Precision 99.21 ± 0.15%, Recall 99.22 ± 0.14%, F1 score
99.21 ± 0.14% and AUC-ROC 0.9998 ± 0.0001 (Figure 12).
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Figure 11. Average learning curves: loss (left) and accuracy (right) for training vs. validation (40 runs).
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Figure 12. Mean ROC curves for the three classes across the 40 runs.

3.3. Confusion Matrix Analysis

The normalized confusion matrix (Figure 13) shows diagonal values > 99%, indicating
near-perfect classification. The few errors (<1%) occurred only between adjacent phases:
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exponential → lag (0.51% false positives) and lag → exponential (0.81%), attributable to
gradual transitions in density and pigmentation. Stationary was never confused with Lag
and only 0.76% with Exponential, demonstrating that the multimodal descriptors clearly
separate extreme phases. With specificity > 99.2% and AUC-ROC ≥ 0.9998, the approach is
well suited to control systems that require early alerts during the exponential phase, which
is critical for culture optimization.

Figure 13. Normalised confusion matrix averaged over 40 runs. Diagonal cells indicate correct
classifications, while off-diagonal cells correspond to misclassifications between classes.

3.4. Robustness Evaluation

Figure 14 summarizes accuracy degradation under controlled perturbations. Variable
illumination produced the largest drop, reducing macro accuracy to 76.0% (F1 = 0.728),
although lag retained 100% recall. ROI shift (+10 px) and Gaussian noise (σ = 25) had
minor effects (Accuracy 94.3% and 92.7%, respectively). Gaussian blur (5 × 5) and bubbles
caused moderate declines (76–85% Accuracy), mainly affecting exponential (F1 0.53–0.88).
These results highlight the need for stable lighting and unobstructed ROIs; nonetheless,
the model maintains > 92% accuracy in most scenarios and shows strong resilience for lag
and stationary.

Figure 14. Degradation of model accuracy under controlled perturbations.
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Variable illumination produced the largest drop, reducing macro accuracy to 76.0%
(F1 = 0.728). This aligns with prior studies: uncontrolled lighting alters RGBI features by
(i) skewing pigment reflectance (e.g., chlorophyll absorbs red/blue light, but excessive green
illumination saturates the G channel [17,18]), and (ii) introducing noise in luminance (I) due
to non-linear cell responses to light stress [18]. For instance, Solovchenko [18] showed
that high light intensity degrades chlorophyll (reducing R/B means) while triggering
carotenoid production (inflating G). Our synthetic tests (brightness +50 levels) replicated
this, causing misclassifications when exponential-phase cultures were misread as Lag due
to G-channel saturation. Although our fixed LED setup minimized natural variability,
the results underscore the need for active lighting control or spectral normalization (e.g.,
ExG index [16]) to stabilize features. Notably, lag phase retained 100% recall even under
illumination shifts, suggesting pH/temperature sensors compensate for optical artifacts
during early growth.

3.5. Computational Performance

On the training workstation (AMD Ryzen 5 7535HS, 32 GB RAM, NVIDIA RTX 2050),
mean CPU usage was 22.4 ± 1.2% (Table 3), peaking at 25%. RAM rose from 0.8 GB to
4 GB across the 46-epoch average (7.5 ± 1.2 min per run). Validation time inference latency
averaged 134 ± 5 ms per sample. After 8-bit quantization and deployment to an ESP32
(240 MHz, 520 kB SRAM), inference latency dropped to 4.8 ms, using < 25 kB RAM and
<24% CPU at 50 inferences s-1, with <2% loss of Accuracy (Table 4).

Table 3. Computational performance metrics on the training computer (average of 40 experiments).

Metric Mean Value Standard Deviation

CPU Usage (%) 22.4 1.2
RAM Consumption (MB) 2450 950

Training Time per Epoch (s) 9.8 1.5
Inference Latency (ms) 134 5

Table 4. Computational performance metrics of the model on the ESP32 microcontroller.

Metric Mean Value Description

Model size 13.48 KB 8-bit quantized model (TFLite Micro format)
Processor frequency 240 MHz ESP32 dual-core (Xtensa LX6, no operating system)

Inference latency 4.8 ms Average time per sample (measured directly on the embedded
environment)

Speed-up vs. PC environment ×28 Compared to single-sample validation inference (134 ms on PC)
Tensor arena usage 2 KB Memory allocated for internal model tensors

Estimated total RAM usage <25 KB Includes model, tensors, stack, and auxiliary buffers
Available memory (SRAM) ~520 KB On standard ESP32 versions (without external PSRAM)

Estimated CPU usage ~24% Assuming 50 inferences per second (continuous operation)

Model accuracy 98% Maintained after quantization and deployment on
embedded device

3.6. Comparison with Previous Studies

The macro accuracy of 98.62% exceeds that of recent studies based solely on visual
features or lacking embedded deployment. [38] reported 93.9% when classifying 13 species
with a CNN + SENet (no pH/temperature, no edge deployment). [39] achieved 88.6%
using FlowCAM images, while [40] obtained 96% with AlexNet for Scenedesmus; both
lacked sensors and low-power hardware. [41] fused pH and temperature with an ANN to
estimate biomass, but did not classify growth phases or report latency. In optical-density
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estimation, [41] achieved < 6% error with a DNN and HOG preprocessing, but with-
out microcontroller deployment. Other research explores evolutionary optimization [42],
smartphone-based detection [43] or transfer learning for multispecies data sets ([38,40]),
yet none offers a compact 8-bit solution on an ESP32 with <5 ms local inference (Table 5).

Table 5. Comparative analysis between this study and prior research on microalgae classification
and monitoring.

Study Domain/Task Model and Platform Accuracy/
mAP

Embedded
Inference

Inference
Latency

∆ Accuracy
vs. Ours

This study Microalgae growth-phase
classification

Dense
network—ESP32

(TFL-Micro)
0.9862 Yes 4.8 ms —

[41] Optical density prediction
from images DNN—PC 0.9600* No NA +2.6 pp

[44]
Morphological

classification via
microscopy

CNN/SVM—PC 0.9500* No NA +3.6 pp

[45] Systematic review:
algae detection

Various (CNN,
SVM)—PC

0.9997*
(máximo) No NA –1.3 pp

[42] Cancer prognosis via
algae algorithm CNN-XGBoost—PC 0.9900 No NA –0.4 pp

[38] Algae species classification
(13 classes) CNN + SENet—PC 0.9390 No NA +4.7 pp

[46] Detection/growth/
utilization CNN, RF, SVM—PC 0.9200* No NA +6.2 pp

[33] Algal taxonomy
(16 genera) ResNeXt—GPU 0.9997 No NA –1.3 pp

[35] Growth monitoring
(Spirulina) ANN—Arduino 0.9522* No NA +3.4 pp

[40] Morphological
classification AlexNet—PC 0.9600 No NA +2.6 pp

[47] Cyanobacteria
quantification (PC/Chl-a)

PRCNN—PC
(hyperspectral) 0.8600* No NA +12.6 pp

[39] FlowCAM-based algae
classification CNN—PC 0.8859 No NA +10.3 pp

By combining multimodal fusion, 8-bit quantization and microcontroller deployment,
this work is, to the best of our knowledge, the first to classify C. vulgaris growth phases in
real time with <5 ms inference and <15 kB memory footprint while maintaining >98% Ac-
curacy. The main limitation is sensitivity to lighting fluctuations, which we plan to mitigate
with active light-control hardware and photometric data-augmentation in future retraining.

Beyond bioprocess monitoring, the lightweight image analysis pipeline described
here can be scaled to purely computational scenarios that also generate dynamic visual
data. In Molecular Dynamics (MD) simulations, for example, identifying transient self-
assembly events, such as the nucleation and growth of surfactant micelles in water, relies
on periodic 3D renderings that share the same low-level texture cues (intensity gradients,
shape evolution) exploited by our RGBI feature set. Recent MD studies have shown that
image-based descriptors can track the morphological transition from dispersed monomers
to spherical or rod-like micelles with high temporal resolution [48]. Leveraging our 10-
element vector and the 8-bit quantized ANN would therefore enable on-the-fly classification
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of mesoscopic structures directly from simulation snapshots, offering a computationally
inexpensive alternative to heavy post-processing routines (Figure 15).

Figure 15. Evolution of light absorbance (RGBI means) throughout the 98-day cultivation experiment.

4. Conclusions
This study presents a fully embedded, sensor-vision framework for low-cost, non-

invasive classification of Chlorella vulgaris growth phases, prioritizing real-time RGBI
feature extraction over traditional biomass quantification. By condensing the model into a
13.48 kB, 8-bit TensorFlow Lite Micro network deployed on an ESP32, we achieve <5 ms
inference, 98.6% macro-accuracy, and ≤25 kB RAM occupancy—performance metrics un-
matched by prior systems reliant on vision-only approaches, high-end hardware, or omitted
latency benchmarks. While biological validation (e.g., OD680) would further strengthen
the results, our design intentionally avoids dependency on laboratory instruments or ki-
netic modeling, demonstrating instead that vision-based proxies fused with environmental
sensors can deliver laboratory-grade phase detection under resource constraints. This work
bridges a gap in compressed edge-AI models [21,22], offering an experimentally validated
pipeline from data capture to closed-loop actuation, scalable to settings where cost and
portability are critical.

Beyond accuracy, the framework proved resilient to geometric and stochastic noise
(ROI shift, Gaussian noise, blur), retaining > 92% accuracy in five of six perturbation
scenarios. The only critical vulnerability was to uncontrolled lighting, where accuracy fell
to 76%. While this mirrors limitations reported for lightweight YOLO variants operating
under variable illumination [16,23], our results quantify the magnitude of the drop and
provide actionable design targets for optical shielding or adaptive exposure.

A notable side-effect of multimodal fusion was the ability to detect phase transitions
earlier than vision-only baselines (Lag reached 100% recall even under severe perturbation)
suggesting that cheap physicochemical sensors can compensate for image degradation. An
ablation study indicated a relative accuracy gain of +3.8 pp when pH and temperature
were added to RGBI features, confirming the value of cross-domain cues for photobiopro-
cess monitoring.
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Nevertheless, three limitations remain. First, the training set, although acquired
over 98 days and three batches, represents a single species and reactor geometry; gen-
eralization to outdoor PBRs or turbulent raceways must be tested. Second, energy use
was inferred from ESP32 cycle counts, not measured with a power analyzer; future work
will report mJ per inference under typical duty cycles. Third, the ANN architecture was
intentionally simple to fit microcontroller constraints; integrating depthwise-separable
convolutions or tiny-transformer blocks could further improve robustness with negligible
memory overhead.

In forthcoming work, we will (i) release the annotated RGBI + sensor data set to
spur benchmark creation, (ii) add active LED feedback to neutralize illumination drift,
(iii) evaluate transfer learning on multi-species consortia, and (iv) extend the control loop
to predictive aeration/light scheduling using reinforcement learning. Taken together,
the proposed system demonstrates that sub 15 kB neural networks running on sub $5
hardware can deliver laboratory grade analytics and pave the way for large-scale, low-cost
deployment of computer vision tools in bioprocessing, precision agriculture and other
resource constrained domains.
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