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Abstract: 

Introduction: Temperature monitoring is critical in hydroponic cultivation because it influences nutrient solubility, 
dissolved oxygen, and root uptake, yet low-cost digital sensors commonly used in Internet of Things (IoT) systems may 

experience accuracy degradation during long-term deployment. This study develops a low-cost IoT monitoring platform 

for nutrient film technique (NFT) hydroponics and characterizes temperature-sensor drift under continuous operating 

conditions. Method: The system employed two redundant temperature sensors in the nutrient channel and one ambient 
sensor, with measurements timestamped, filtered, stored locally at the edge, and visualized through a cloud dashboard. 

Temperature data were recorded hourly for 40 days, producing 960 observations per sensor. Drift was evaluated from the 

deviation between the primary and redundant channel sensors using mean absolute error, maximum absolute deviation, 

standard deviation, drift onset, and estimated drift rate. Results and Discussion: The primary sensor showed a mean 

absolute deviation of 0.82 °C over the full monitoring period and a maximum deviation of 1.47 °C. Sensor agreement 

remained close during the first 10 days but diverged after approximately day 12, with late-period MAE increasing to 1.18 

°C and an estimated drift rate of about 0.04 °C/day. Conclusion: Long-term drift in low-cost temperature sensors can 

materially affect hydroponic monitoring accuracy, and redundant sensing provides a practical baseline for future adaptive 

edge-based calibration methods. 
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1. Introduction 

Networked sensing has moved from a research idea to something growers actually use. The Internet of Things 

(IoT) now underpins data collection in settings as different as city infrastructure, clinics, and farms [1], [2], and in 

agriculture it has become a practical way to cut waste and take routine decisions off the operator's hands [3], [4]. 

Hydroponics is a natural fit for it. The plants grow without soil and live entirely on a managed nutrient solution, so 

the grower has to watch the environment closely, and a nutrient film technique (NFT) channel, which is little more 

than a thin, constantly moving film of solution, leaves almost no margin for a bad reading. Sensing here is a 

requirement, not a convenience. 

Of the quantities worth measuring, temperature is among the most consequential. It changes how much nutrient 

goes into solution, how much oxygen the water carries, and how quickly roots metabolize, so a reading that is a degree 

off can quietly steer a controller the wrong way. Cost is what usually decides the hardware, and it pushes most builders 

toward inexpensive digital parts, DS18B20 probes or DHT22 modules wired to an ESP-class microcontroller [5], [6]. 
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Indonesian groups have published a string of such systems recently, from fuzzy-controlled nutrient monitors [7], [8] 

to rigs aimed at farms in remote areas [9], and our own earlier work paired soil-moisture and air-temperature sensing 

with a fuzzy controller for shallot irrigation [10]. The same pattern shows up well outside hydroponics, in livestock 

and in aquaculture monitoring [11], [12]. 

Cheap sensors share a familiar weakness: they drift. Noise accumulates, the zero point wanders, and accuracy slips 

over time, and the warm, chemically active air above a nutrient channel only makes matters worse. Calibrating once 

at the factory, or once before installation, does nothing for degradation that surfaces weeks later. The literature is not 

short of remedies. Machine learning has spread across agricultural tasks in general [13], learned regressors clearly 

beat a plain linear fit for low-cost temperature sensors [14], deep models can recover a drift-free signal without any 

reference at all [15], and in-situ correction has been surveyed specifically for sensor networks [16]. Almost all of these 

methods, though, begin by assuming the drift is already understood, and many need a central server or a trusted 

reference to run. Reviews of low-cost sensing keep circling back to one point: stability has to be measured in the field 

rather than taken on trust [17], [18]. 

Data quality has itself grown into a research topic within IoT [19], [20], with drift and bias sitting near the top of 

the problems these frameworks try to catch, and with heavier tools such as reinforcement learning now proposed for 

cleaning sensor streams [21]. Yet for all that attention, one thing is still missing. Long, multi-sensor temperature 

records taken from a working hydroponic system, paired with a careful account of how the sensors drift, are hard to 

find. Most published temperature datasets are short, gathered on a bench, or drawn from urban air-quality networks. 

Without a common reference of this kind, it is difficult to say whether a new calibration method is really an 

improvement. 

This paper sets out to fill that gap, and it deliberately keeps the spotlight on the sensing system and the data rather 

than on any one correction algorithm. We make three contributions. First, we describe a low-cost, reproducible IoT 

monitoring setup for NFT hydroponics that builds in sensor redundancy. Second, we assemble a 40-day, hourly, multi-

sensor temperature dataset of 960 samples per sensor, collected while the system was actually running. Third, we 

characterize the drift of the low-cost sensors, reporting how the bias grows, how the short-term scatter widens, and 

when the drift sets in, so that later calibration work has a fixed baseline to compete against. 

2. Method 

The rest of this section walks through the hardware, how readings were collected and cleaned, how the dataset was 

put together, and the procedure we used to pull the drift signal out of it. Throughout, the design leans toward what 

survives in the field, where steady power, spare memory, and a reliable connection cannot be assumed. 

System Architecture 

We organized the system into three layers, with the sensors at the bottom, an embedded board in the middle, and 

a cloud dashboard on top. The board does the real work. It reads the sensors, stamps each sample with a time, filters 

it, and writes it to local storage, while the dashboard only shows and archives what the board has already produced. 

We kept the split deliberate: if the network drops, logging keeps going, because doing the processing close to where 

the data are born is the whole point of edge computing [22], [23], [24]. Figure 1 lays out the three layers. 
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Figure 1. Three-layer architecture of the IoT-based precision hydroponic monitoring platform 

 

Hardware and Sensor Deployment 

The temperature sensors are the inexpensive digital type most builders reach for, the same class used in the systems 

cited above. Instead of adding a laboratory-grade reference, we leaned on redundancy: two identical sensors in the 

nutrient channel, one primary and one backup, and a third in the surrounding air. Two probes a few centimeters apart 

in the same flowing film should read almost the same value, so any lasting gap between them tells us about the sensors, 

not the water. The rig is a standard NFT loop, and a microcontroller-class board handled acquisition and filtering 

inside a tight power and memory budget. Figure 2 shows where each sensor sits. 

 

Figure 2. Placement of the primary, redundant, and ambient temperature sensors in the NFT rig 

Data Acquisition and Preprocessing 

Each sensor was read once an hour and stamped at the board so the series would stay aligned in time. Before 

storage, a short moving-average window smoothed out spikes and removed obvious outliers; for a window of N 

samples the filtered value is given by (1). 

𝑥̄ (𝑡)  =  (1/𝑁) 𝛴 𝑥̄(𝑡 −  𝑖), 𝑖 =  0 …  𝑁 –  1 (1) 

with x(t) the raw reading and x̄(t) the filtered value. The choice of a plain moving average is intentional. Cleaning 

IoT streams can be done with far heavier machinery [21], but a light filter costs almost nothing on an embedded board 

and is enough for what we need here. Filtered records went to local storage first and to the dashboard second, and 

every number reported below comes from the local logs, so nothing depends on whether a given upload happened to 

succeed. 

Data Construction 

The system ran without a break for 40 days. At one sample an hour that comes to 960 points per sensor, which is 

long enough to catch the daily swings, the occasional disturbance, and, most importantly, the slow degradation that a 

short bench test would never reveal. Each row holds a timestamp, a sensor identifier, the location (channel or air), and 

both the raw and filtered readings. This is the dataset we analyze, and we plan to release it publicly so the 

characterization can be reproduced and so later calibration methods have something fixed to be measured on [19], 

[20]. 

Drift Characterization Methodology 
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Two sensors in the same conditions ought to move together; when they stop, one of them is drifting. Writing T_p(t) 

for the primary reading and T_ref(t) for a reference built from the redundant sensor(s), we take the reference as their 

median for robustness, as in (2), and define the gap between primary and reference as (3): 

𝑥̄ 𝑇_𝑟𝑒𝑓(𝑡)  =  𝑚𝑒𝑑𝑖𝑎𝑛{ 𝑇_𝑟1(𝑡),… , 𝑇_𝑟𝑘(𝑡) } (2) 

𝑑(𝑡) =  𝑇𝑝(𝑡) − 𝑇𝑟𝑒𝑓(𝑡) (3) 

From d(t) we read three things: its mean over a window, which is the bias; the mean of its absolute value, which 

is the mean absolute error (MAE) and serves as our accuracy figure; and its rolling standard deviation, which says 

how jumpy the reading has become. We mark the onset of drift as the first time the gap crosses a threshold delta and 

stays across it for a window w, as in (4), 

𝑥̄ 𝑡 ∗ =  𝑚𝑖𝑛{ 𝑡 ∶  |𝑑(𝜏)|  >  𝛿  𝑓𝑜𝑟 𝑎𝑙𝑙 𝜏 ∈  [𝑡, 𝑡 +  𝑤] } (4) 

and, once past that point, we estimate the drift rate from the slope of a straight-line fit to d(t). The persistence window 

is what keeps a single noisy spike from being counted as real drift. 

Evaluation Metrics 

We report the MAE, the largest absolute gap, and the standard deviation of d(t) over the whole run, and we split 

the run into an early stretch (days 1 to 10) and a late one (days 31 to 40) to show how each figure moves. Read together, 

they say how far the sensor wandered, how erratically, and how fast. 

3. Results and Discussion 

What follows is the dataset and what the drift analysis turned up. We read the numbers with deployment in mind 

rather than bench conditions, and because the dataset is being released, anyone can recompute them. 

The Dataset at a Glance 

Both channel sensors traced the expected daily rhythm, and the air sensor swung wider than the water, which 

heats and cools more slowly. Table 1 gives the per-sensor summary over the full 40 days. 

Table I. Descriptive statistics of the 40-day temperature dataset, by sensor 

Sensor (location) Mean (°C) Minimum (°C) Maximum (°C) Std. dev. (°C) Samples 

Primary (nutrient channel) 23.8 20.6 27.9 1.86 960 

Redundant (nutrient channel) 23.7 20.7 27.6 1.79 960 

Ambient (growth environment) 26.4 22.1 31.5 2.53 960 

 

Figure 3 puts a few days of raw and filtered readings side by side. The diurnal shape is plain, and so is the hour-

to-hour jitter that the filter takes off. 
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Figure 3. Raw and filtered readings over a representative multi-day window 

 

When the Drift Sets in 

For the first week or so the two channel sensors agreed to within roughly a tenth of a degree. Somewhere around 

day ten to fifteen they began to part, and from there the primary reading pulled steadily away, which is the signature 

of drift rather than weather and matches what others report for low-cost parts aging in damp conditions [17], [18]. 

Figure 4 plots the gap across the whole run; the bend in the curve is the onset. 

 

Figure 4. Inter-sensor deviation over the 40-day run; the change in slope marks the drift onset 

Putting Numbers on it 

Table 2 compares the early and late stretches with the full run. The gap grows by about a factor of ten between 

the two windows, and both the MAE and the scatter of d(t) climb with it, which is what a real trend looks like rather 

than passing noise. 

Table 2. Drift of the primary sensor relative to the redundant reference 

Metric Early (days 1–10) Late (days 31–40) Full 40 days 

Mean absolute error, MAE (°C) 0.12 1.18 0.82 

Maximum absolute deviation (°C) 0.28 1.47 1.47 

Std. dev. of deviation (°C) 0.08 0.33 0.54 

Estimated drift rate (°C/day) — ≈ 0.04 onset ≈ day 12 

 

How this Compares 
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None of this is out of step with the wider low-cost-sensor literature, which finds accuracy sliding over long 

deployments and recommends periodic cleaning or recalibration to hold it back [17], [18], [19]. Correction methods 

are not the missing piece: in-situ schemes have been catalogued for sensor networks [16], learned regressors beat 

linear correction [14] and deep models recover a usable signal without a reference [15], and Kalman-type filters remain 

a staple for taming noisy field data [12]. What most of them take for granted is a reference or a central model. Our 

result comes at the question from the other side. We do not fix the drift here; we measure it on a working system and 

show its shape, a slow one-way bias with a widening band of noise around it. 

For a closed control loop the consequences are practical. A creeping bias slides the effective set-point, so the loop 

ends up regulating to the wrong temperature, and the growing scatter makes actuators chatter and wastes energy. 

Because the trouble only appears after the first week or two, a single calibration at install time would never catch it. 

Toward Adaptive Calibration 

The shape of the drift is encouraging in one respect. It is slow, it shows up clearly in the gap between the two 

sensors, and it is exactly the sort of thing a static calibration cannot touch. A routine running on the edge board could 

watch that gap and adjust its correction as the drift appears. Building and testing such a routine is where we are headed 

next, with the dataset and the baseline here as the yardstick. Releasing the data is meant to let others hold their own 

methods to the same reference. 

4. Conclusion 

We built a low-cost IoT monitor for an NFT hydroponic rig and used it to gather and study a 40-day, hourly, multi-

sensor temperature record of 960 points per sensor. Reading the primary sensor against its redundant neighbor, we 

watched it drift away by about 0.82 °C on average and by as much as 1.47 °C, with the gap opening after ten to fifteen 

days and the short-term scatter widening alongside. The contribution is not another correction algorithm but the 

groundwork for one: a documented sensing setup, an openly released dataset, and a measured drift baseline that later 

methods can be tested against. That baseline is the starting point for the adaptive, edge-side calibration we plan to 

report next. 
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