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Abstract—Inverter faults on small rooftop solar systems often go unnoticed for weeks because monitoring relies on cloud dashboards that owners rarely check. We present a detector that runs on a $4 microcontroller inside the inverter, predicts the next power reading from the last 24 readings and irradiance, and flags readings whose normalized error exceeds a learned threshold. On 14 months of data from 212 residential systems, it reaches an F1 score of 0.93 while using 38 kB of memory, matching a server-side LSTM.
Index Terms—anomaly detection, edge computing, photovoltaic systems, microcontrollers, time series
1. Introduction
Residential photovoltaic (PV) systems lose an estimated 2–5% of yearly energy to undetected faults such as string disconnects, shading from new obstructions and inverter derating. Commercial plants detect these with dedicated monitoring staff, but home systems depend on owners noticing a lower bill.
Anomaly detection methods range from isolation-based approaches [1] to recurrent networks that predict the next value [3], [4]; see [2] for a survey. Most need a server. This paper asks whether a detector small enough for the inverter’s own microcontroller (MCU) can match them.
1. Method
1. Prediction Model
Each 5-minute power reading xt is predicted from the previous 24 readings and the measured irradiance by a two-layer network quantized to 8 bits, giving the prediction pt. The anomaly score is the normalized absolute prediction error
		(1)
where σt is the rolling standard deviation of the error over the last 7 days.
1. Adaptive Threshold
A reading is flagged when st exceeds τ for three consecutive readings, where
		(2)
and k = 3 was chosen on a validation month. Requiring three readings removes most alarms caused by passing clouds.
1. Results
We evaluated on 14 months of data from 212 systems with 167 labeled fault events. Table I compares the detector with three baselines; Fig. 1 shows how the F1 score grows with the length of the training window.
TABLE I
Detection Results on 167 Fault Events
	Method
	Precision
	Recall
	F1

	Static threshold
	0.62
	0.88
	0.73

	Isolation forest [1]
	0.81
	0.84
	0.82

	LSTM predictor [3]
	0.92
	0.90
	0.91

	Proposed (MCU)
	0.94
	0.92
	0.93


[image: ]
Fig. 1. F1 score of the proposed detector against training window length. Gains level off after 16 days.
The detector runs in 1.9 ms per reading on a 64 MHz Arm Cortex-M4 and uses 38 kB of RAM, leaving room for the inverter’s control firmware.
1. Conclusion
A quantized predictor with an adaptive threshold detects inverter faults on the inverter itself as well as a server-side LSTM. Future work will test it on systems with batteries, where charging cycles change normal output patterns.
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