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In this paper, an embedded real-time soil moisture estimator with feature fusion in multiple 

color spaces and a low-cost red–green–blue (RGB) sensor is presented. The system utilizes 

a TCS34725 RGB sensor and an ESP32 to estimate soil reflectance under controlled 

lighting conditions. In order to improve robustness to environmental changes, the 

normalized RGB values are converted to hue–saturation–value (HSV) and CIE 1976 

L*a*b* (CIELAB) color spaces, and the soil moisture index (SMI) is estimated using 

feature fusion. The soil moisture values are estimated using a soil-specific polynomial 

regression calibration model, which is computationally efficient. The system can be used 

for precision agriculture and environmental monitoring applications. The system can 

measure soil moisture levels accurately, thus enabling optimized irrigation and crop yield. 

The system can achieve a Mean Absolute Error (MAE) of 1.18%, a Root Mean Square 

Error (RMSE) of 1.42%, and an R² of 0.92 using gravimetric measurements, with a 

response time of less than 1 s. The system was tested using five types of soils: sandy loam, 

clay, silt loam, potting mix, and agricultural topsoil, over a range of 0–100% gravimetric 

moisture content under laboratory and field conditions. The results indicate that soil 

moisture estimation using the fusion of multiple color spaces is comparable to, and in some 

cases better than, conventional capacitive and optical soil moisture estimation methods. 
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1. INTRODUCTION

Soil moisture content is a vital parameter used in many 

engineering and environmental applications. In recent times, 

the demand for efficient and automated monitoring systems 

has created the need for developing techniques for soil 

moisture estimation [1, 2]. However, the cost, scalability, and 

environmental dependence of many soil moisture estimation 

techniques limit their application in automated systems [3]. In 

recent times, many studies have been conducted to develop 

techniques for soil moisture estimation using optical methods. 

These techniques are found to be more accurate [4, 5]; 

however, they are not suitable for embedded systems due to 

their computational requirements.  

Soil moisture estimation techniques are broadly classified 

into two categories: direct and indirect methods. Direct 

methods, such as gravimetric analysis, are found to be more 

accurate [6, 7]. However, they are not suitable for real-time 

systems. In indirect methods, soil moisture estimation is 

performed using capacitive and resistive sensors [8, 9]. These 

methods are found to be more suitable for embedded systems; 

however, they are more dependent on soil composition, 

temperature, and long-term calibration. Therefore, many 

researchers are seeking new methods to estimate soil moisture. 

To overcome these limitations, recent studies have explored 

multi-color space analysis to improve feature discrimination 

and robustness under varying illumination conditions [10-13]. 

This approach involves transforming red–green–blue (RGB) 

values into hue–saturation–value (HSV) and CIE 1976 

L*a*b* (CIELAB) values, thus enabling improved separation 

of chromatic and luminance components [14, 15]. 

Despite the application of this technique, most of the recent 

research studies are based on computationally intensive 

processing techniques and are not specifically designed for 

embedded systems [12]. 

In this regard, the need for a computationally efficient and 

robust feature estimation technique is essential in the 

estimation of soil moisture levels in diverse soil and 

environmental conditions  [16]. The improvement of the 

robustness of the optical sensing technique is a significant 

challenge in the estimation of soil moisture levels in a 

computationally efficient and low-complexity manner. 

The aim and objectives of this research study are to propose 

a feature fusion-based embedded system for the estimation of 

soil moisture levels in real-time using a low-cost RGB sensor 

device. The proposed system is based on the application of the 

RGB, HSV, and CIELAB color values in the estimation of the 

soil moisture index (SMI), thus improving the robustness of 

the soil moisture estimation technique in diverse soil and 

environmental conditions. Unlike conventional RGB-based 

approaches, the proposed method utilizes multi-color-space 

feature fusion in a computationally efficient manner to 

enhance estimation stability without increasing system 

complexity. 
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The overall objective of this study and its main 

contributions are summarized as follows: 

(1) An embedded system is developed for soil moisture

estimation using multi-color-space feature fusion and

low-cost RGB-based sensing techniques.

(2) The system enables the generation of a physically

interpretable SMI using runtime calibration along with

temperature compensation.

(3) The system performance is experimentally validated

across multiple soil types and moisture levels under

both laboratory and field conditions.

The remainder of this paper is organized as follows: Section 

2 presents the system architecture and methodology, Section 3 

presents the results and discussion, and Section 4 concludes 

the study. 

2. MATERIALS AND METHODS

2.1 Hardware components and setup 

This soil moisture detection system was designed on the 

basis of a TCS34725 RGB color sensor (Adafruit Industries, 

USA) to be used as the main sensing element. It combines 

RGB and clear light sensors in one device, 3.3 V logic level 

technology, and programmable gain and integration time. The 

existing system architecture includes the following: 

(1) IR blocking filter with a TCS34725 RGB color sensor

(2) An  ESP32-WROOM  32D  microcontroller (Espressif

Systems, China)

(3) White light emitting diode (LED) array (6 LEDs, 6500

K color temperature) for stable illumination

● Printed circuit board that is custom-made to hold

components

● Environmental protection 3D housing (PLA material)

● Environment monitoring: Temperature and 

humidity sensor (DHT22) 

The sensor assembly was housed in a matte gray device 25 

mm above the soil, while the LED array was centered and 

arranged in a circular formation to provide uniform 

illumination. We used a 3.7 V, 2000 mAh LiPo battery with 

an onboard charging circuit to supply power to the whole 

system. 

All hardware components were commercially available on 

off-the-shelf modules. 

2.2 Soil sample preparation and characterization 

Five types of representative soil have been selected to 

evaluate the performance and suitability of the proposed 

system for measuring the soil moisture levels. The types of soil 

selected for the experiment are: 

(1) Sandy loam (sand 63%, silt 28%, clay 9%)

(2) Clay soil (18% sand, 35% silt, and 47% clay)

(3) Silt loam (20% sand, 65% silt, 15% clay)

(4) Commercial potting mix

(5) Agricultural topsoil

All the soils were air-dried before the experiment and then

oven-dried at 105 ℃ for 24 hours to determine the dry mass 

corresponding to a moisture content of 0%. Distilled water was 

added in increments to each type of soil to create test samples 

with predetermined moisture levels corresponding to 0%, 

20%, 40%, 60%, 80%, and 100% gravimetric moisture 

content. After the addition of water, the soil was mixed and 

sealed to create uniform moisture levels. 

All moisture levels in this study are expressed as 

gravimetric water content (%), calculated as the ratio of water 

mass to dry soil mass. The predefined levels (0 – 100%) refer 

to controlled gravimetric preparation and do not represent field 

capacity. 

Gravimetric soil moisture content was used as the target 

variable and determined using the conventional oven-drying 

method at 105 ℃ for 24 hours. This was done according to 

conventional soil analysis. For each soil type and moisture 

content level, 50 repeated measurements were conducted. This 

gave a total of 1,500 samples [17]. 

To avoid data leakage or overfitting of the results, the data 

for calibration was strictly kept separate from the data for 

evaluation. For each soil type, a set of moisture content levels 

was set aside for the sole purpose of calibrating the 

coefficients for the soil type. The rest of the data was set aside 

for separate validation. This ensures that the results obtained 

here reflect the generalization capability of the approach rather 

than the results of data calibration. 

Soil samples were prepared under controlled conditions 

before carrying out the tests. All tests were conducted under 

the same preparation, illumination, and sensing protocol. This 

ensures the results obtained here reflect the reproducibility of 

the approach. 

2.3 Color space analysis and intelligent feature fusion 

The developed color space analysis can be represented as a 

structured multi-stage processing pipeline for embedded real-

time estimation of soil moisture levels. The processing 

pipeline starts with the measurement of raw RGB values from 

the TCS34725 color sensor at controlled LED lighting 

conditions. To reduce the impact of illumination and sensor 

sensitivity on RGB values, the measured RGB values are 

corrected by clear channel and total brightness values. 

After that, a set of HSV and CIELAB color spaces, which 

represent the RGB values, is employed to enhance the 

discriminability of features. The HSV color space helps 

separate colors and brightness variations, and CIELAB is used 

for better adjustment of lightness and perception consistency 

at varying lighting conditions, which is useful for analyzing 

surfaces at varying illumination conditions [18, 19]. 

Finally, a set of physically meaningful and computationally 

efficient features is extracted from these representations. 

These features include a normalized red channel intensity (Rn) 

from RGB values, a saturation parameter (S) from HSV 

values, and a lightness parameter (L*) from CIELAB values. 

These parameters have a high correlation with soil moisture 

levels and are less sensitive to illumination conditions. 

For integrating these features, a feature-level fusion 

approach with a soil-dependent calibration scheme is 

employed. To ensure consistency between variables from 

different color spaces, all features (Rn, S, L*) are normalized 

to the range [0–1] before fusion. 

The fusion results in an SMI, expressed as a weighted 

combination of the extracted features with temperature 

compensation, as follows: 

𝑆𝑀𝐼 = 𝑤1 ⋅ 𝑅𝑛 +𝑤2 ⋅ 𝑆 + 𝑤3 ⋅ (
𝐿∗

100
) − 𝛾(𝑇 − 𝑇0) (1) 

The temperature coefficient γ is defined per degree Celsius 

and applied after normalization of the feature variables. The 
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weighting coefficients (w₁, w₂, w₃) are determined during 

calibration and constrained to ensure balanced contribution of 

each feature. This formulation ensures that no single feature 

dominates due to scale differences, where Rn is the normalized 

red band intensity, S is the HSV saturation component, and L* 

is the CIELAB lightness parameter. The variable T denotes 

ambient temperature sensed by the embedded sensor, whereas 

T0 is a reference calibration temperature, w₁, w₂, w₃, and γ are 

calibration coefficients, which are soil-type dependent and 

computed during the calibration step. 

These calibration coefficients are stored in the non-volatile 

memory of the embedded system. During runtime, these 

coefficients are set according to the identified soil type. Thus, 

this approach is adaptive to different soil types without adding 

any complexity to the proposed scheme. 

Figure 1 shows the entire processing method, which 

includes RGB normalization, color-space transformation, 

feature extraction, and soil-specific calibration. 

Figure 1. Flowchart of the proposed intelligent multi-color-

space fusion system 

The complete processing workflow, including 

normalization, color-space transformation, feature extraction, 

soil-specific calibration, and SMI computation, is formally 

summarized in Algorithm 1. 

Algorithm 1. Soil moisture estimation using multi-color-

space feature fusion 

Inputs: soil_id — soil type identifier (selected by user or 

stored profile) 

        N = 100 — number of raw samples per 

estimation cycle 

        Δt = 10 ms — sampling interval 

        W = 10 — rolling average window length 

        k = 2 — outlier rejection threshold (±kσ) 

        T0 — reference temperature for calibration 

Sensors: TCS34725 — provides raw R, G, B, and clear 

(C) channels

 DHT22 — provides ambient temperature T 

Outputs: Ṁ — estimated soil moisture (%), continuous 

value 

 SMI — soil moisture index (dimensionless or 

scaled) 

Procedure: 

1: Initialize system; activate LED illumination; allow 

stabilization (t ≥ 300 ms) 

2: (w1, w2, w3, γ, a, b) ← LoadCoefficients(soil_id) 

▷ w1, w2, w3, γ: feature fusion and temperature-

compensation coefficients 

▷ a, b (or polynomial coefficients): calibration

mapping SMI → moisture 

3: T ← ReadTemperature(DHT22) 

4: for i = 1 to N do 

5: (R, G, B, C) ← ReadColor(TCS34725) 

6: if C = 0 then continue     

▷ Avoid division by zero

▷ Normalize RGB components using the clear channel

C 

7: Rη[i] ← R / C 

8: Gη[i] ← G / C 

9: Bη[i] ← B / C 

10: wait Δt 

11: end for 

▷ Outlier removal applied to Rη; optionally applied to

Gη and Bη 

12: μ ← Mean(Rη);   σ ← Std(Rη) 

13: Rη,f ← FilterByThreshold(Rη, μ − kσ, μ + kσ) 

▷ Rolling average smoothing

14: Rη,s ← RollingMean(Rη,f, W) 

▷ Color space transformation using the last smoothed

normalized values Rη,s
last, Gη,s

last, Bη,s
last 

15: (H, S, V) ← RGB_to_HSV(Rη,s
last, Gη,s

last, Bη,s
last) 

16: (L*, a*, b*) ← RGB_to_CIELAB(Rη,s
last, Gη,s

last, Bη,s
last) 

▷ Compute Soil Moisture Index with temperature

compensation 

17: SMI ← w1 · Rη,s
last + w2 · S + w3 · L* − γ · (T − T0) 

▷ Map SMI to moisture via soil-specific calibration

(e.g., polynomial regression) 

18: Ṁ ← CalibMap(SMI; soil_id) 

e.g., Ṁ = p2 · SMI2 + p1 · SMI + p0

▷ Clamp to physical range

19: Ṁ ← Clamp(Ṁ, 0, 100) 

20: Return (Ṁ, SMI) 

End Algorithm 

Algorithm 1 summarizes the complete embedded 

processing sequence, including RGB normalization, multi-

color-space transformation, feature extraction, SMI 
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computation, and calibration-based mapping to moisture 

content. The algorithm is designed to operate in real time with 

low computational complexity, making it suitable for 

embedded and automated monitoring systems. 

The soil-specific fusion coefficients used in the 

computation of the SMI are summarized in Table 1. 

Table 1. Soil-specific fusion coefficients used for soil 

moisture index (SMI) computation 

Soil Type 
w₁ 

(Rₙ) 

w₂ 

(S) 

w₃ 

(L*) 

γ (Temp. 

coeff.) 

Sandy loam 0.42 0.28 0.30 0.015 

Clay soil 0.35 0.25 0.40 0.020 

Silt loam 0.38 0.30 0.32 0.017 

Potting mix 0.45 0.22 0.33 0.012 

Agricultural 

topsoil 
0.40 0.27 0.33 0.018 

2.4 Calibration procedure 

The calibration process was designed with the objective of 

identifying specific fusion and mapping numbers for accurate 

soil moisture estimation using the new multi-color-space 

fusion method. Calibration was carried out for each type of 

soil, considering differences in texture, surface reflectance, 

and soil reaction to moisture. 

To carry out the calibration process for different types of 

soils, experiments were conducted for each type of soil using 

pre-defined gravimetric moisture levels prepared as per the 

details given in Section 2.2. A portion of the defined moisture 

levels was reserved for the validation process to avoid any data 

leakage or overlap between the calibration and validation sets. 

The experiments were conducted under controlled 

illumination using the integrated LED array and under 

controlled environmental conditions. 

During the calibration process, the normalized RGB values 

were obtained for the soil samples and then converted to HSV 

and CIELAB color spaces using the processing steps as per 

Algorithm 1. The normalized red intensity (Rn), HSV 

saturation (S), CIELAB lightness (L*), and ambient 

temperature (T) were obtained for the calibration process 

using the embedded temperature sensor. 

The SMI calculation was carried out using the weighted 

fusion model defined in Section 2.3. The soil-specific 

coefficients w₁, w₂, w₃, and γ used in the weighted fusion 

model were determined empirically using a least-squares 

optimization method by minimizing the estimation errors of 

the calculated SMI and the reference value of gravimetric soil 

moisture content. 

After obtaining the SMI value, a soil-specific calibration 

mapping function was derived to convert the SMI value into a 

gravimetric soil moisture content value. In this work, a second-

order polynomial regression model was used to establish a 

mapping function relating SMI and soil moisture content. The 

mapping function can be written as follows: 

𝑀 = 𝑝2 ⋅ 𝑆𝑀𝐼
2 + 𝑝1 ⋅ 𝑆𝑀𝐼 + 𝑝0 (2) 

where, M represents the calculated soil moisture content value. 

All coefficients used in the weighted fusion model, w₁, w₂, 

w₃, and γ, were stored in the non-volatile memory of the 

ESP32 microcontroller. During runtime operation of the 

proposed system, a specific set of coefficients used in the 

proposed system can be retrieved based on the selected soil 

profile. 

The proposed calibration method ensures consistency in 

mapping functions between the proposed calibration method 

and the embedded system implementation of Algorithm 1. 

This consistency allows for reproducible and efficient soil 

moisture estimation using a specific soil type. 

2.5 Data collection and processing 

The following protocol was followed for data acquisition 

and processing: 

(1) Console power on and basic self-calibration (30

seconds)

(2) Background light measurement

(3) Activation of the LED illumination source

(4) Acquisition of 100 color samples at 10 ms intervals

(5) Statistical outlier removal

(6) Computation of a rolling average over the most recent

10 samples

(7) Color-space transformation and calculation of the soil

moisture index

2.6 Experimental validation procedure 

The proposed experimental validation procedure aims to 

provide an objective evaluation of the accuracy, robustness, 

and real-time characteristics of the proposed embedded soil 

moisture estimation system while maintaining the integrity of 

the data used in the calibration and validation processes. In this 

regard, the validation experiments have been conducted in the 

laboratory and real-world environments. 

In addition, gravimetric soil moisture measurements were 

considered as the primary reference for evaluation, while a 

commercially available Time Domain Reflectometry (TDR)-

based soil moisture meter (TDR 150, Spectrum Technologies, 

USA) was used as a secondary reference device for 

comparative analysis. 

2.6.1 Laboratory validation 

During the laboratory validation process, experiments have 

been conducted under controlled environmental conditions 

with a temperature range of 22 ± 2 ℃ and relative humidity of 

45 ± 5%. For the validation process, the samples of the soil 

with certain levels of moisture have been placed under the 

sensing module of the proposed system while maintaining a 

fixed distance from the surface of the soil and under controlled 

lighting conditions using an LED light source. 

During the validation process, the data samples have been 

strictly separated from the data samples used in the calibration 

process to avoid data leakage. In this regard, the coefficients 

of the proposed system have been determined for each type of 

soil using a predefined set of moisture levels during the 

calibration process, while the remaining set of moisture levels 

has been reserved exclusively for validation. 

For each validation process of the proposed system, the data 

samples have been recorded 50 times while maintaining the 

same conditions of the soil to improve statistical reliability. In 

this regard, the accuracy of the proposed system has been 

compared with the gravimetric method of measuring the soil 

moisture levels. In addition, measurements obtained from the 

TDR-based device were recorded following the 

manufacturer’s recommended procedure and used for 

comparative evaluation. 
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2.6.2 Field validation 

The field validation aimed to validate the system under 

realistic conditions with varying illumination and temperature. 

The experiments were carried out under different conditions, 

such as direct sunlight, shaded conditions, and night 

conditions with only LED illumination. 

In the field validation, the soil types and moisture levels 

used were similar to those used in the laboratory validation. 

The calibration coefficients were not changed in the field 

validation in order to evaluate the generalization capability of 

the proposed system. The soil sensors were kept at a fixed 

height above the soil surface, as in the laboratory validation. 

In order to validate the long-term stability of the system, the 

soil sensors were evaluated continuously for a period of 30 

days. During the evaluation period, periodic measurements 

were recorded under varying conditions. Measurements from 

the TDR-based device were also recorded under the same 

conditions for comparison purposes. If any drift in the 

estimation accuracy of the sensors was observed, the results 

were recorded. 

2.6.3 Validation metrics and protocol consistency 

In the validation experiments carried out in the laboratory 

and in the field, similar conditions were maintained with 

regard to sensor configuration, illumination conditions, 

sampling period, and data processing conditions to ensure 

consistency. 

The results were validated using different metrics such as 

error in estimation, correlation with reference measurements, 

and response time. In addition, statistical indicators such as 

standard error and confidence intervals were considered where 

applicable to support the reliability of the obtained results. 

2.7 Statistical analysis and performance evaluation 

The statistical assessment was carried out in a manner such 

that the accuracy and reliability of the proposed soil moisture 

estimation scheme could be determined. The following 

analyses were conducted: 

(1) Calculations of error and precision measures, such as

Mean Absolute Error (MAE) and Root Mean Square

Error (RMSE), in comparison to gravimetric

measurements

(2) Calculations of correlation coefficients for parameters

obtained from color and their correlation with moisture

content

(3) Developing a calibration model via multiple regression

analysis to map the SMI to gravimetric moisture

content

(4) Comparative analysis for different soil types

(5) Calculations for standard error and 95% confidence

interval for the prediction of moisture content based on

repeated measurements

2.8 System architecture and software implementation 

The soil moisture estimation system can be implemented 

using a three-way intelligent system architecture that supports 

real-time processing and adaptive decision-making for 

efficient implementation in an embedded system. The system 

architecture defines the functions of sensing, processing, and 

application. 

Sensor Interface Layer: This layer deals directly with 

communication between the sensing hardware components. 

This layer receives the raw data in the form of RGB and 

luminance readings from the TCS34725 sensor in controlled 

LED illumination settings. This layer also deals with the 

control and synchronization of the LEDs and receives 

environmental data such as temperature and humidity readings 

from the DHT22 sensor. 

Processing Layer: The processing layer is the central 

component of the intelligent system. It involves RGB 

normalization, multi-color space transformation (RGB to HSV 

& LAB), and feature extraction on saturation, lightness, and 

correlated color temperature. Adaptive soil-specific 

calibration is performed using pre-computed coefficients 

stored in non-volatile memory. Next comes the intelligent 

feature-level fusion approach that combines the soil-specific 

features of varied color spaces using weighted decision logic 

to obtain a reliable SMI in real-time. 

Application Layer: The application layer deals with user 

interaction, visualization, and system management. The 

application layer enables real-time display of estimated soil 

moisture values, provides data logging capabilities for 

historical review, and enables traceability of calibration 

procedures. The application layer makes it easy for the sensing 

system to be integrated into higher-level systems for 

monitoring or decision-making.  

The system software is implemented through the use of the 

Arduino IDE in combination with the ESP IDF library. This is 

in addition to the development of C++ class libraries. The 

system software is designed in a layered system. This is to 

ensure low computational complexity. 

2.9 Error analysis 

The accuracy of the systems was also evaluated as follows: 

(1) Comparison of our results with gravimetric

measurements

(2) Exploring the factors that influence the environment

(3) Evaluation of temporal stability

(4) Commercial moisture sensor cross-validation

The uncertainty in the measurement was calculated as

follows: 

(1) Sensor resolution and noise level

(2) Temperature effects

(3) Ambient light interference · Ambient light noise

(4) Heterogeneity of the soil surface

3. RESULTS AND DISCUSSION

3.1 Overall system estimation performance 

The proposed embedded system's overall estimation 

performance was evaluated using a controlled lab environment 

following the steps outlined in Section 2.6. The quantitative 

evaluation parameters are presented in Table 2, where only 

regression-based errors are used instead of classification-

based errors. 

As shown in Table 2, the proposed system's overall 

estimation performance was found to have an MAE of 1.18%, 

a RMSE of 1.42%, and a standard error of ±1.2%. The average 

response time of 0.8 seconds shows that the proposed system's 

estimation performance is good enough to be used in 

embedded systems. 

The proposed system's estimation performance using a new 

multi-color space fusion framework shows less estimation 
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error in lab tests compared to traditional methods that only use 

a single-color space in RGB-based soil moisture estimation 

systems. This shows that using a combination of different 

useful features, as explained in Algorithm 1, rather than a 

single optical parameter, improves system estimation 

performance. 

3.2 Color-space feature contribution analysis 

In order to understand how color space features are useful 

in soil moisture estimation systems, a correlation analysis was 

performed on the extracted color space features with the 

reference value of gravimetric moisture content. The 

correlation analysis results are presented in Table 3; a visual 

representation of correlation strengths is shown in Figure 2. 

As can be observed from Table 3, the normalized value for 

the red color channel exhibits a high correlation with the 

moisture content in the soil (r = 0.89), which was expected 

based on previous studies on optical sensing for soil [20]. The 

highest correlation was observed with the CIELAB lightness 

value, The highest correlation was observed for the CIELAB 

lightness value, which exhibited a strong correlation (r = 0.91) 

with gravimetric soil moisture content. 

Table 2. Overall estimation performance under laboratory conditions 

Metric Value Standard Deviation Confidence Interval 95% n 

MAE (%) 1.18 0.32 1.12 – 1.24 1500 

RMSE (%) 1.42 0.41 1.34 – 1.50 1500 

R² 0.92 N/A N/A 1500 

SE (%) 1.20 N/A N/A 1500 

Response Time (s) 0.80 0.10 0.78 – 0.82 300 
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, SE = Standard Error 

Table 3. Correlation analysis between color-space features and soil moisture 

Feature Color Space Correlation (r) p-value Effective Moisture Range

Red channel (Rₙ) RGB 0.89 < 0.001 20 – 80% 

Green channel RGB 0.85 < 0.001 30 – 90% 

Blue channel RGB 0.82 < 0.001 10 – 70% 

Saturation (S) HSV 0.88 < 0.001 0 – 100% 

Value (V) HSV 0.84 < 0.001 15 – 85% 

Lightness (L*) CIELAB 0.91 < 0.001 5 – 95% 

Figure 2. Comparison of correlation coefficients between soil moisture and different color space parameters 

Table 4. Estimation performance under different environmental conditions 

Environment MAE (%) RMSE (%) Response Time (s) Temperature (℃) Illumination 

Indoor (controlled) 1.0 1.3 0.8 22 500 lux 

Direct sunlight 1.5 1.9 0.9 28 > 10000 lux

Overcast 1.2 1.5 0.7 20 2000 lux

Night (LED only) 1.3 1.6 0.8 18 < 10 lux

High humidity 1.7 2.1 1.1 25 1000 lux
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, LED = Light Emitting Diode 

This indicates the rationale for the multi-color space feature 

fusion approach, where no single-color space parameter was 

found to dominate the others for the complete range of 

moisture content in the soil. Previous studies have shown 

similar observations for the limitations of analyzing features 

within a single domain for color [21]. The features obtained 

from the RGB, HSV, and LAB color spaces are collectively 

representative of the changes in the moisture level within the 

soil over time. 
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3.3 Environmental robustness analysis 

To assess the robustness of the proposed system with 

respect to varied environmental conditions, experiments were 

performed at controlled laboratory and outdoor conditions. 

Quantitative results are provided in Table 4, while the changes 

in estimation error at varied illumination conditions are 

demonstrated in Figure 3. 

Figure 3. Estimation error of the proposed system under 

different environmental conditions 

As can be observed in Table 4, the lowest estimation error 

is achieved under a lab-controlled environment, and a 

moderate increase in MAE is observed when direct sunlight is 

applied. The estimation errors achieved by the proposed 

approach are still at acceptable levels despite the significant 

changes in lighting conditions. This was expected based on 

previous observations for optical sensing for soil, which 

indicated a reduction in performance for high levels of 

irradiance [22]. 

The normalization approach and the temperature-

compensated SMI approach presented in Algorithm 1 are 

responsible for the acceptable performance for all 

environments. The approach based on the fusion of features 

from the RGB, HSV, and LAB color spaces was found to 

reduce the effects of variations in the environment, which 

improves its reliability during operation compared to methods 

based on the raw features from the RGB color space [13]. 

3.4 Soil-type-specific performance analysis 

The performance of the system with different types of soil 

is evaluated to determine the effectiveness of runtime 

calibration based on different types of soil. Table 5 shows the 

estimation error and response time with different types of soil, 

whereas Figure 4 shows the consistency of the proposed 

system with different types of soil. 

As shown in Table 5, potting mix and sandy loam types of 

soil have the lowest estimation error. This is due to their 

homogeneous texture and optical characteristics. Clay-type 

soil has a higher estimation error and response time due to its 

heterogeneous texture and higher water retention capacity 

[23], which is identified as a challenge with optical sensing 

technologies [24]. Nevertheless, the proposed system has an 

estimation error of less than 2% with all types of soil, 

indicating that the proposed calibration factors are effective in 

compensating for the difference due to texture-related optical 

characteristics. 

Figure 4. Estimation performance of the proposed system 

across different soil types 

Table 5. Soil-type-specific estimation performance 

Soil Type 
MAE 

(%) 

RMSE 

(%) 

Response 

Time (s) 

Calibration 

Offset 

Potting mix 1.0 1.3 0.7 +1.5%

Sandy loam 1.1 1.4 0.8 +1.8%

Agricultural 

topsoil 
1.3 1.6 0.9 +2.0%

Clay soil 1.6 2.0 1.2 +2.3%

Silt loam 1.5 1.9 1.0 +3.1 %
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error 

3.5 Comparative evaluation with conventional methods 

Table 6 shows a comparative evaluation of the proposed 

system with conventional methods of measuring soil moisture. 

The proposed system is more effective with a lower estimation 

error and faster response time compared to conventional 

capacitive and resistive sensors, whereas it is more cost-

effective compared to other conventional sensors. Although 

the gravimetric method is more effective compared to other 

conventional sensors, it is not effective with respect to real-

time monitoring.

Table 6. Indicative comparison with conventional soil moisture measurement methods 

Method MAE (%) Response Time Cost per Unit Maintenance Calibration Interval 

Proposed system 1.18 < 1 s ~$35 Quarterly 30 days 

Capacitive sensor ~2.5 ~2 s ~$65 Monthly 7 days 

Resistive sensor ~3.5 ~5 s ~$25 Monthly 14 days 

Gravimetric (reference) < 1.0 > 24 h $200+ N/A Per test 
Note: MAE = Mean Absolute Error 

In addition, a direct experimental comparison was 

performed with a commercially available TDR-based soil 

moisture sensor under identical conditions. The results of this 

comparison are presented in Table 7. 
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Table 7. Statistical comparison between the proposed system 

and the TDR-based sensor 

Metric 
Soil 

Type 

Proposed 

System 

TDR 

Sensor 

t-

value 

p-

value 

MAE 

(%) 

Sandy 

loam 
1.10 2.20 3.12 0.006 

MAE 

(%) 

Clay 

soil 
1.60 2.85 2.88 0.009 

RMSE 

(%) 

Sandy 

loam 
1.40 2.65 3.25 0.004 

RMSE 

(%) 

Clay 

soil 
2.00 3.10 2.71 0.012 

Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error, 

TDR = Time Domain Reflectometry 

It should be noted that the comparison presented in Table 6 

is indicative rather than absolute due to differences in 

experimental conditions and sensor settings. In contrast, the 

comparison presented in Table 7 is based on controlled 

experimental conditions, providing a more direct and 

statistically supported evaluation. The aforementioned cost-

performance trade-offs have also been noted in recent 

comparative studies on low-cost soil moisture sensing 

technologies [23]. 

3.6 Estimation performance across moisture ranges 

Estimation error was also evaluated at various levels of 

moisture content to see how this system performs when it is in 

a dry state, somewhat wet, and almost fully wet. The results 

obtained in this experiment are summarized in Table 8, while 

Figure 5 shows a graphical representation of these results. 

Figure 5. Performance comparison between the proposed 

system and conventional soil moisture measurement methods 

From Table 8, it is noted that the minimum estimation error 

is obtained when the soil is in a dry state, with a moisture 

content ranging from 0% to 20%. The estimation error 

gradually increases as the moisture content is increased to near 

saturation levels. This is because, at high levels of moisture 

content, the contrast in reflectance is less pronounced. This 

phenomenon is in accordance with previously noted 

limitations in surface-based optical soil moisture sensing 

technologies [24]. 

However, with the proposed method that utilizes a 

combination of various color spaces, a high estimation 

accuracy is obtained even at high levels of moisture content, 

compared to many other optical sensing technologies, as noted 

in other studies. 

Table 8. Estimation error across soil moisture ranges 

Moisture Range MAE (%) RMSE (%) Standard Error 

0 – 20% (Dry) 1.0 1.3 ±1.2% 

21 – 40% 1.1 1.5 ±1.5% 

41 – 60% 1.2 1.6 ±1.8% 

61 – 80% 1.4 1.9 ±2.1% 

81 – 100% 

(Near saturation) 
1.7 2.3 ±2.4% 

Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error 

3.7 Resource utilization and operating modes 

The proposed system’s Central Processing Unit (CPU) 

efficiency and power consumption were evaluated in various 

operating modes. The results obtained in this experiment are 

summarized in Table 9. 

Table 9. Resource utilization under different operating 

modes 

Operating 

Mode 

CPU 

Usage 

RAM 

Usage 

Battery 

Life 

Readings 

per Hour 

Continuous 15% 24 KB ~48 h 3600 

Periodic 

(5 min) 
8% 18 KB ~120 h 12 

On-demand 12% 22 KB ~168 h Variable 

Low-power 5% 12 KB ~240 h 

Note: CPU = Central Processing Unit, RAM = Random Access Memory 

From Table 9, it is noted that in periodic measurement mode, 

a good balance is obtained between battery life and 

measurement frequency. CPU and memory utilization remain 

low in all cases, validating that the proposed processing 

scheme in Algorithm 1 is appropriate for resource-constrained 

platforms. 

Embedded platforms similar to the proposed approach have 

been reported in recent studies, which indicate shorter battery 

lives even for similar operating conditions [25], thereby 

confirming the energy efficiency of the proposed approach. 

3.8 Ablation study and model comparison 

An ablation study was conducted to evaluate and compare 

the effectiveness of the proposed multi-color-space feature 

fusion estimation approach. For this purpose, estimation 

performance was compared for each color space feature and 

its fusion. The experiments were conducted under identical 

conditions and calibration, as described in Section 2. 

Four configurations were considered: 

(1) RGB-based estimation using the normalized red channel

(Rn) only 

(2) HSV-based estimation using saturation (S) only

(3) CIELAB-based estimation using lightness (L*) only

(4) The proposed multi-color-space fusion approach

combining Rn, S, and L* 

The performance comparison is summarized in Table 10. 

From the obtained results, it is observed that the proposed 

estimation approach based on multi-color-space feature fusion 

outperforms significantly in terms of estimation accuracy in 

comparison to single-color-space-based methodologies. It is 

observed that although individual features in different color 
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spaces are correlated to a certain extent with soil moisture 

levels, their individual use increases estimation error. 

Table 10. Ablation study results for soil moisture estimation 

Model 

Configuration 

Features 

Used 

MAE 

(%) 

RMSE 

(%) 
R² 

RGB only Rn 2.31 2.85 0.81 

HSV only S 2.05 2.60 0.84 

LAB only L* 1.92 2.40 0.86 

Proposed fusion Rn + S + L* 1.18 1.42 0.92 
Note: MAE = Mean Absolute Error, RMSE = Root Mean Square Error 

On the other hand, the combination of multiple features 

provides a more representative characterization of soil 

reflectance, thereby improving estimation accuracy and 

stability. From the obtained results, it is observed that the 

proposed approach effectively addresses the limitations 

associated with a single color space. 

4. CONCLUSIONS

This paper proposes a real-time system for measuring soil 

moisture using a cost-effective RGB sensor, which utilizes 

various color features. The proposed method models the 

estimation of soil moisture as a continuous regression problem, 

which is based on gravimetric measurements. The proposed 

method uses a weighted SMI that takes various color features, 

including normalized RGB, HSV, and CIELAB, as well as 

temperature values. The proposed method is implemented as a 

lightweight embedded system, which is capable of real-time 

processing. 

The proposed method utilizes various color features, and its 

performance is analyzed for each color space, which shows 

that no single optical parameter is dominant for estimating soil 

moisture over the entire moisture range. The proposed method 

utilizes various color features, and their performance is 

analyzed, which shows the importance of the proposed 

method’s feature fusion approach. 

The proposed method is tested and validated using various 

experiments, and its performance is analyzed, which shows its 

ability to accurately estimate soil moisture for various soils, 

moisture levels, and environmental conditions. The proposed 

method has a small estimation error, and its mean error is 

always within acceptable limits for monitoring soils using 

embedded systems. 

A comparative evaluation with conventional gravimetric 

techniques shows that this system offers a promising trade-off 

in terms of estimation accuracy, response time, cost, and 

maintenance. Although gravimetric techniques offer a 

benchmark in terms of precision, this embedded solution is a 

viable option in real-time and high-scale applications where 

low cost and energy efficiency are essential considerations. 

It is noted that this system shows poor performance when 

the soil is nearly saturated, and this shows the limitations of 

this solution. As a future extension, this method can be 

improved by using various light-sensing techniques, 

compensation for surface differences, and further data 

calibration to increase its reliability in highly wet conditions. 

Overall, this proposed solution using a combination of 

various color spaces shows promising potential as a low-cost, 

accurate, and energy-efficient approach for automated 

applications in resource-constrained environments. 
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NOMENCLATURE 

B Battery capacity, mAh 

C Clear channel intensity from RGB sensor 

(dimensionless) 

K Calibration constant (soil-specific), dimensionless 

L* CIELAB lightness component, dimensionless 

M Soil moisture content (gravimetric basis), % 

N Number of samples used for averaging, dimensionless 

R Red channel intensity (normalized), dimensionless 

G Green channel intensity (normalized), dimensionless 

Bc Blue channel intensity (normalized), dimensionless 

Rn Normalized red channel intensity, dimensionless 

S Saturation component in HSV color space, 

dimensionless 

T Soil surface temperature, ℃ 

tr System response time, s 

V Value (brightness) component in HSV color space, 

dimensionless 

Greek symbols 

α Weighting coefficient for normalized red channel, 

dimensionless 

β Weighting coefficient for HSV saturation, 

dimensionless 

γ Weighting coefficient for LAB lightness, 

dimensionless 

θ Temperature compensation factor, dimensionless 

μ Mean estimation error, % 

σ Standard deviation of estimation error, % 

Subscripts 

cal Calibration data 

est Estimated value 

ref Reference (gravimetric measurement) 

s Soil-specific parameter 

avg Averaged value 
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