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1. Introduction 
Microgrids are increasingly deployed to accommodate high renewable penetrations, yet their 

promised resilience and sustainability are persistently challenged by stochastic generation, elastic 
demand, and volatile prices that complicate secure, economical operation [1], [2]. Empirical and 
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 Microgrid energy management must minimize operating cost while coping 
with intermittent photovoltaic generation, time varying demand and limited 
battery capacity under practical constraints on state of charge and grid 
power quality. Classical rule-based scheduling offers interpretability but 
often leads to suboptimal battery use and higher cost when prices and 
profiles change over time. The research contribution is the design of a 
transparent Deep Q Network controller that optimizes battery charge and 
discharge through a multi term reward that combines economic cost, state 
of charge regularity, grid current peaks and approximate frequency and 
phase quality, implemented in a lightweight NumPy environment suitable 
for embedded deployment. The microgrid model uses synthetic daily 
profiles with 5 kW photovoltaic capacity, peak load near 4 kW, a 10kWh 
battery and a discrete action set that spans strong charge and strong 
discharge over 48 decision steps per day. The Deep Q Network policy is 
trained against a deterministic rule baseline and both controllers are 
evaluated on identical trajectories. Simulations show that the learned 
controller reduces total daily operating cost by about 35.6%, keeps the state 
of charge within a tighter band and shifts battery scheduling toward 
charging in low price hours and discharging at peaks. The learned policy 
decreases maximum grid current from about 24.28 A to 16.58 A, maintains 
frequency within roughly 49.89 Hz to 50.08 Hz and pushes phase angles 
toward a value close to unity power factor while preserving feasible battery 
operation. Training curves indicate stable convergence with consistent 
improvement in the long run return. These results indicate that Deep Q 
Network based energy management can offer a practical and physically 
interpretable alternative to handcrafted rules and can serve as a foundation 
for future hardware oriented microgrid controllers. 
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modeling studies converge on the need for energy management systems (EMS) that co-optimize 
dispatch under network, storage, and power-quality constraints while maintaining tractable 
computational footprints in real deployments [3]‒[5]. As system complexity scales, rule-based logic 
and classical optimizers remain attractive for interpretability but falter when distributions drift, 
devices churn, and models age; their brittleness under forecast errors, load flexibility, and cyber-
physical disturbances motivates controllers that adapt in situ [6], [7]. Physics-aware yet data-driven 
methods have therefore gained traction for embedding costs, constraints, and device health directly in 
the control loop without hand-crafted schedules [8]. 

Deep reinforcement learning (DRL) has shown that value- and policy-based agents can lower 
operating costs, improve arbitrage, and coordinate flexible assets on realistic traces and experimental 
platforms, including community settings where comfort and profitability must be balanced [9], [10]. 
Actor–critic formulations extend these gains to nonstationary environments and price-responsive 
programs, including energy trading layers coupled to renewable portfolios [11], [12]. Beyond 
scheduling, learning-based voltage and frequency regulators outperform tuned PID/integral baselines 
during rapid disturbances or islanding while preserving synchronization margins, evidence that 
market-layer EMS can be complemented by learned converter-edge services [13], [14]. Reviews of 
community microgrids further show that forecasting, device heterogeneity, and comfort constraints 
can be internalized within DRL objectives without sacrificing reliability [15]. 

At the storage layer, explicit cycle-based costs and distributional value learning capture 
degradation physics more faithfully than linear surrogates, improving long-horizon value and reducing 
unnecessary switching [16]‒[18]. Comparative work clarifies experiment design, temporal encodings, 
observation stacking, replay strategies, showing that well-tuned DQN baselines remain competitive 
while retaining implementation simplicity [19]‒[21]. Recent deep reinforcement learning based 
energy management studies in the last five years report strong economic gains but still give only partial 
attention to explicit battery degradation costs and grid side quality indicators such as current envelopes 
and phase behaviour which limits a full assessment of physical stress under learned policies [16], [19], 
[21]. To mitigate unsafe exploration and cold starts, offline-to-online pipelines seed policies from 
expert demonstrations, then refine them under guardrails, yielding safer and more economical 
schedules in dynamic microgrids [22]‒[24]. Holistic formulations that couple power-flow, storage, 
and flexible loads demonstrate competitive or superior performance to heuristics when multi-criteria 
returns are encoded directly [25]‒[27]. 

Hybrid architectures offer a pragmatic compromise by preserving interpretable rule guardrails 
while delegating adaptation to learned components, delivering cost and stability gains under volatility 
without sacrificing operator trust [28]‒[30]. When model misspecification undermines MPC or static 
rules during regime shifts, full DRL controllers can regain optimality through interaction-driven 
updates [31]‒[33]. Continuous-action policy-gradient methods handle real-valued set-points for 
storage and converters and have achieved minimal measured operating costs in telecom-grade 
microgrids; multi-agent schemes coordinate heterogeneous users to reduce bills while limiting battery 
cycling [34]‒[36]. Comparative and survey efforts reiterate that microgrid uncertainty favors agents 
that learn from interaction rather than rely on fixed models alone [37]‒[39]. Across canonical EMS 
tasks, DQN outperforms tabular/on-policy value learners and competes with actor–critic methods 
when observations and replay are engineered carefully; hybrid discrete–continuous frameworks 
extend these benefits to joint ED/UC problems with mixed asset fleets [40]‒[42]. In larger smart-grid 
ED studies, group-relative policy optimization and related AI approaches solve non-convex, 
constrained problems with improved convergence, underscoring system-level relevance beyond single 
microgrids [43]‒[45]. 

Deployment at scale requires decentralization and privacy. Distributed Q-learning and 
consensus-augmented RL relax global-model assumptions, tolerate switching topologies, and 
integrate demand response, which are all crucial for practical roll-outs under cyber-resilience 
constraints [46]‒[48]. Additional demonstrations report tangible cost reductions from RL-based 
optimization and cost-aware DQNs with favorable runtime for operational use [49], [50]. Non-
convexities and coupling constraints in ED are tractable with cooperative multi-agent DRL, while 
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improved replay and function approximation stabilize training; low-carbon ED formulations embed 
emissions directly into the objective with improved actor–critic learners [51]‒[53]. Fully distributed 
DRL, Lagrangian-relaxed RL, and privacy-respecting learning align with grid-operator constraints 
and online scheduling requirements [54]‒[56]. Safety and transparency have become first-class design 
goals. Safe RL integrates constraint handling and curriculum shaping so agents respect safety 
envelopes without solving a full optimization online, and recent surveys emphasize reproducibility 
and verifiable guarantees as prerequisites for field deployment [57]‒[59]. Curriculum-trained 
topology controllers and sensitivity-informed policies illustrate how physics guidance accelerates 
learning and improves operator auditability [60]‒[62]. Blackout-mitigation studies and model-free co-
design frameworks confirm that encoding structural priors yields sample-efficient, inspectable 
policies, while broad reviews chart open problems in validation, safety, and robust scaling [63]‒[65]. 

Deep reinforcement learning already shows clear benefits for energy dispatch and operating cost 
reduction in microgrids [37]‒[39]. Many recent works design agents that follow electricity price 
signals and coordinate storage with demand response programs under realistic traces and testbeds [40], 
[41]. Most of these contributions still report performance mainly through economic indicators such as 
daily cost, energy arbitrage, or emission related metrics and treat electrical quality only as hard 
constraints that must not be violated [49], [50]. Detailed reporting of grid current profiles, frequency 
deviation, and phase stability remains rare which makes it difficult to understand how learning-based 
decisions shape converter level and network level behaviour [57], [59]. Interaction between the energy 
management layer and the fast electrical dynamics therefore appears only partially documented and 
the physical impact of control policies on power quality is not yet fully clarified [63], [65]. 

This study addresses that gap through a Deep Q Network based energy management framework 
for a grid connected photovoltaic microgrid that evaluates economic indicators together with electrical 
quality metrics in a single setting. The framework uses a transparent NumPy implementation, a 
discrete action battery controller, and a physically grounded environment model with synthetic 
photovoltaic production, load, and price trajectories over fortyeight time steps per day. A rule-based 
baseline and the DQN agent operate in the same environment so that daily operating cost, grid import 
and export, and battery usage can be compared under identical exogenous profiles [19], [21]. The 
evaluation records grid and battery currents, frequency deviation, and phase angle statistics in addition 
to net cost which links control decisions to measurable power quality indicators [57], [59]. The 
research contribution is an experimentally validated DQN based energy management framework that 
provides a joint view of cost, storage behaviour, and electrical quality in a reproducible setup with 
open implementation details that can guide future multi agent studies and hardware-oriented 
deployments [63]‒[65]. 

The remainder of this paper is organized as follows. Section 2 presents the proposed methodology 
and experimental setup. Section 3 discusses the results and provides performance analyses, followed 
by Section 4 which concludes the paper and outlines future research directions. 

2. Method 
Let the decision horizon be one day discretized into 𝒯 = 0,1, … ,47 with sampling span Δ𝜏 =

0.5	h (48 steps/day). The frequency phase and current terms in this study are surrogate indicators 
derived from a linearized map around the operating point and do not represent full system inertia or 
damping dynamics. Exogenous processes are: photovoltaic availability 𝑔/ ∗ 𝑡 ∈ 30, 𝑃pv7 with 𝑃pv =
5	kW, inelastic demand ℓ! ∈ ℝ" peaking near 4kW, and energy price 𝑖! ∈ [𝜋̱, 𝜋̄], 	 (𝜋̱, 𝜋̄) =
(0.05,0.25)	kWh (Fig. 1). These profiles are consistent with EMS studies where DRL controllers 
operate on half-hourly markets and campus/community microgrids [1]‒[3]. The half hourly horizon 
concerns economic scheduling and the surrogate frequency index measures power quality conditions 
at the dispatch layer without implying real time primary frequency control. 

Battery energy E# ∈ [0, ED ] with ED = 10kWh evolves under charge/discharge actions u# ∈
[−𝑃D$ , 𝑃D$](𝑃D$ = 3kW). We use the SoC 𝑥!: =

%!
%&
∈ [0,1] and the sign-split 𝑢! = 𝑢!" − 𝑢!'with 
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𝑢!", 𝑢!' ≥ 0) (charge/discharge), bounded by 𝑢!" ≤ 𝑃D𝑏, 𝑢!' ≤ 𝑃D𝑏. Battery conversion is captured by 
(𝜂( , 𝜂)) ∈ (0,1]*. The storage map is given by (1) and (2): 

	 𝐸! + 1 = 𝐸! + 𝛥𝜏 S𝜂( , 𝑢!" −
1
𝜂)
, 𝑢!'T (1) 

	 𝑥!"+ = clip S
𝐸𝑡 + 1
𝐸D

; 0,1T	 (2) 

with optional terminal window 𝑥, ∈ 3𝑥-./
0./ , 𝑥-12

0./ 7. This discrete-time affine model underpins DRL-
based EMS formulations [1], [2]. The affine map governing the storage state in (1) and (2) is the 
standard representation in discrete time DRL EMS settings and serves as the only dynamic component 
in the environment. 

Let 𝑝! denote net grid import (positive when buying). With instantaneous PV utilization 𝑔! ∈
[0, 𝑔/!, the nodal balance at the point of common coupling (PCC) is 𝑝! + 𝑔! + 𝑢! = ℓ!. To prevent 
simultaneous import/export we introduce a complementarity split 𝑝! = 𝑝!↑ − 𝑝!↓, Z𝑝!↑, 𝑝!↓ ≥ 0[ with the 
penalty surrogate 𝜑, 𝑝!↑𝑝!↓ in the cost 𝑒𝑥𝑎𝑐𝑡(𝑝!↑ ⋅ 𝑝!↓ = 0) is nonconvex but the penalty is standard in 
EMS–RL environments) [2]. The workflow proceeds from exogenous data generation to storage state 
update then to grid power closure then to cost and surrogate computation and then to policy 
improvement which is consistent with common RL EMS pipelines. 

The one-step economic cost aggregates market transactions, battery wear, and power-quality 
surrogates, as given in (3) and (4): 

	
𝑐! ≔ 	𝜋!𝑝!↑ − 𝜌𝜋!𝑝!↓ ∗ Θ! (Δ𝑥!)

	⏟
degradation

∗ 𝜆7𝜔!* ∗ 𝜆8tan*! 𝜙! ∗ 𝜆9(𝐼! − 𝐼l ∗ 𝑡)*	  (3) 

	 𝛥𝑥! ≔𝑥 ∗ 𝑡 + 1 − 𝑥! ,  𝜌 ∈ [0,1]	 (4) 

where 𝜌 is the feed-in factor (net-metering when 𝜌 = 1). The novelty of the method is the joint 
evaluation of economic objectives and electrical surrogates inside a unified DQN environment rather 
than the introduction of new algorithmic mechanisms. The function 𝛩(⋅) encodes cycle-based wear. 
A parsimonious, RL-friendly instantiation consistent with cycle-counting models is in (5): 

	 𝛩(𝛥𝑥!) = 𝜅+|𝛥𝑥!| + 𝜅*(𝛥𝑥!)*	 (5) 

which approximates rainflow-based degradation yet preserves smoothness for policy gradients [5], 
[6]. The surrogate terms 𝜔!	𝜙! and It describe the electrical state near the operating point and help 
monitor power quality inside the economic scheduling horizon as in recent EMS oriented DRL studies 
[3], [4]. The episodic objective is 𝐽 = ∑ 𝑡 ∈ 𝒯 𝑐!. 

The admissible action set is (6), with 𝑃Dgrid set by the intertie rating. The balance equation closes 
the algebraic constraints at each step. 

	 	𝒜!  =  t(𝑢! ,  𝑔! ,  𝑝!↑,  𝑝!↓) v 
0 ≤ 𝑔! ≤ 𝑔/! , 0 ≤ 𝑢!", 𝑢!' ≤ 𝑃 𝑏,
𝑥!"+ ∈ [𝑥-./, 𝑥-12], |𝑝!| ≤ 𝑃:;.) ,
𝑝!↑, 𝑝!↓ ≥ 0, 𝑝! = 𝑝!↑ − 𝑝!↓

w	 (6) 

We adopt a Markov representation 𝑠! = [𝑥! ,  𝑔/𝑡, ℓ! ,  𝜋! ,  𝜔! ,  𝜙! ,  𝐼l!, 𝑎! = [𝑢! ,  𝑔! ,  𝑝!↑,  𝑝!↓]	 
with transition kernel 𝑠!"+ = 𝐹(𝑠! , 𝑎!; 𝜉!) combining: storage dynamics; exogenous trajectories 
(𝑔/!"+, ℓ!"+, 𝜋!"+); and a lightweight network map for (𝜔!"+, 𝜙!"+, 𝐼!"+) (e.g., linearized 
swing/frequency and AC-flow surrogates around the operating point). This compact MDP interfaces 
cleanly with value-based agents (DQN/QR-DQN) and with hybrid ED–UC formulations that mix 
discrete/continuous decisions [2], [7]. 
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Unless stated otherwise we fix 𝑃<= = 5	kW, 𝐸 = 10	kWh, 𝑃$ = 3	kW, 𝑥>?@ = 0.1,	𝑥>AB =
0.9, (𝜋, 𝜋) = (0.05,  0.25)	$/kWh  and drive (𝑔/! , ℓ! , 𝜋!) by the 48-step profiles in Fig. 1. These 
settings reflect prior EMS studies and enable fair benchmarking of DRL against model-free baselines 
while preserving physically meaningful limits on SoC, cycling, and PCC flows [1], [2]. The unified 
presentation avoids fragmentation and keeps the method aligned with compact EMS RL formulations 
found in recent studies [31], [32]. 

	
Fig. 1. PV generation, load demand, and electricity price 

We take the rule policy as a deterministic, hysteretic dispatch that buys/sells only when physically 
admissible and SoC-safe. Let the residual power be 𝑟! : = 𝑔/! − ℓ! , and let the battery action (positive 
= charge) be 𝑢! ∈ [−𝑃D$ , 𝑃D$] with SoC 𝑥! ∈ [0,1]. Define safety bands 𝑥-./ < 𝑥-12 and inner 
hysteresis 𝑥 < 𝑥>?@ < 𝑥>AB < 𝑥. The baseline policy 𝜋RB is (7): 

	 𝑢!RB = 𝑠𝑎𝑡['F&",F&"](𝟏{𝑟! > 0} ⋅ 𝑚𝑖𝑛{ 𝑟! , 𝑃D$} ⋅ 𝟏{𝑥! < 𝑥̄} − 𝟏{𝑟! < 0} ⋅ 𝑚𝑖𝑛 | 𝑟!|, 𝑃D$ ⋅ 𝟏{𝑥!
> 𝑥̱})	 (7) 

where 𝑠𝑎𝑡 is element-wise saturation. The grid exchange is the PCC residual after storage (8): 

	 𝑝!IJ = ℓ! − 𝑟! − 𝑢!IJ = ℓ! − 𝑔/! − 𝑢!IJ	 (8) 

with complementarity split 𝑝!↑ = 𝑚𝑎𝑥{ 𝑝!RB , 0} , 𝑝!↓ = 𝑚𝑎𝑥{−𝑝!RB, 0}. Feasibility follows from the 
storage map and bounds (9): 

	 𝐸!"+ = 𝐸! + 𝛥𝜏 S𝜂((𝑢!IJ)" −
1
𝜂)
(𝑢!IJ)'T , 𝑥!"+ = 𝑐𝑙𝑖𝑝 S

𝐸!"+
𝐸

; 	0,1T	 (9) 

This rule yields a cost baseline 𝐽RB = ∑ 𝑐!! (𝑢!RB) used for benchmarking DRL [31]–[33]. 

We discretize the battery action to 𝒰 = {−3.00,−1.50,0,1.50,3.00}kW. The state aggregates 
EMS and power-quality surrogates, 𝑠! = [𝑥! , 𝑔/! , ℓ! , 𝜋! , 𝜔! , 𝜙! , 𝐼l!] ∈ 𝒮, and the action is 𝑎! ∈ 𝒰	with 
PCC variables closed algebraically by the balance constraint. 

Let 𝑄K: 𝒮 × 𝒰 → ℝ be a two-hidden-layer MLP with widths (64 × 64) and ReLU units. Target 
network 𝑄K&  is updated by Polyak averaging 𝜃D ← 𝜏𝜃 + (1 − 𝜏)𝜃D . With mini-batches ℬ from a replay 
buffer ℳ and discount 𝛾, the Bellman loss is (10): 

	 ℒ(𝜃) =
1
|ℬ|

� �𝑄K(𝑠, 𝑎) − (𝑟 + 𝛾𝑚𝑎𝑥1#∈𝒰
𝑄K‾ (𝑠O, 𝑎O))�

*

(Q,1,;,Q#)∈ℬ

	 (10) 

Exploration follows decaying 𝜀 -greedy in (11): 

	
𝜀T = 𝑚𝑎𝑥𝜀-./, 𝜀U ⋅ 𝛿T;		

𝑎! ∼ �Unif(𝒰), with	prob.	𝜀T , 	argmax1∈𝒰
𝑄K(𝑠! , 𝑎), otherwise}	

(11) 
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The instantaneous reward is the negative cost 𝑟! = −	𝑐t so maximizing return aligns with 
minimizing EMS economic physical metrics. This architecture is standard for discrete EMS actions 
and has shown robust gains against rule baselines in microgrid studies [31]–[33]. The standard 
structure is kept here since the focus of the study concerns the interaction between cost signals and 
electrical surrogates under a transparent value-based agent rather than architectural variants. 

Training hyperparameters (fixed): hidden sizes (64, 64); learning rate 10-3 discount (0.99); 𝜀U =
1.0, 𝜀-./, decay 𝛿 = 0.995 replay capacity 10,000; batch 64; action set 
{−3.00,−1.50,0,1.50,3.00}kW. 

Let 𝐽(𝜋) = 𝔼[∑ 𝛾!!∈𝒯 𝑐! ∣ 𝜋]. Training terminates when the DQN policy 𝜋K meets a relative 
performance threshold against the baseline or a cap on iterations (12): 

	 stop	if 𝐽(𝜋K) 	 ≤ 	0.95, 𝐽(𝜋IJ) or 𝑘 ≥ 30	 (12) 

where 𝑘 is the outer training epoch. To ensure fixed-seed evaluation, we draw a deterministic 
trajectory of exogenous profiles and simulator noise 𝜉! under a public seed 𝜍, and report (13): 

	 𝛥𝐽 : =
𝐽(𝜋K) − 𝐽(𝜋IJ)

𝐽(𝜋IJ)
× 100;	𝛥SoC);.0! : =

1
|𝒯|

∑ ∗ 𝑡|𝑥!"+ − 𝑥!|	 (13) 

together with physical-quality summaries (frequency RMS, power-factor penalty, current-envelope 
deviation) embedded in 𝑐!. This protocol aligns with recent DRL-EMS evaluations that compare 
against explicit rule baselines under identical traces and seeds [31]–[33]. 

3. Results and Discussion 
Fig. 2 contrasts the daily operating cost of the rule-based baseline with the DQN policy. Using 

your sign convention, where negative values denote net revenue (sale to the grid), we report the 
improvement as a relative reduction in the absolute daily cost, improvement is	|XRB|'|XDQN|

|XRB|
× 100. The 

DQN achieves a 35.6% reduction in cost magnitude, consistent with the statement that DQN delivers 
a >5% cost decrease. The paired box-plots of instantaneous cost further indicate a tighter interquartile 
range under DQN and fewer extreme outliers, implying more stable step-wise operation around small 
costs/revenues rather than sporadic expensive purchases or large price-arbitrage spikes. In short, the 
learned policy smooths the distribution of one-step costs while improving the aggregate objective.  

	

Fig. 2. Daily cost and instantaneous cost distribution 

The present evaluation uses the same daily profile across all experiments. The reported reduction 
of the absolute cost represents the performance of the controller on this profile. The study does not 
claim statistical generality over broader datasets. The approach serves as a proof-of-concept 
benchmark for a single day under fixed PV load and price patterns. 
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Fig. 3 shows the state-of-charge (SoC) trajectories and their empirical distribution. Both 
controllers drive SoC rapidly toward the upper bound and keep it there for most of the horizon, 
reflecting the strong PV availability and the price profile you supplied. The DQN reaches the ceiling 
slightly earlier than the baseline, which reduces early-day purchases and preserves headroom for 
targeted discharge when it is most profitable. The SoC histogram corroborates the time-series plot: 
mass concentrates near the ceiling for both policies, with DQN exhibiting a marginally heavier 
concentration at the cap, coherent with its more assertive timing. 

	

Fig. 3. SOC profiles and distribution: Baseline vs DQN 

The trajectory produced by the controller leads to early charging and decisive discharge near 
peak prices. The behavior is optimal within the single day setting because degradation cost is 
approximated through a simple energy throughput term. The long-term impact on battery life lies 
outside the scope of the present model. 

Table 1 summarizes average grid exchanges and SoC range. Average import is slightly higher 
under DQN (1.028643 kW vs. 0.926817 kW), and average export is roughly unchanged (0.618243 
kW vs. 0.612099 kW). Despite the small increase in mean import power, the cost still drops because 
the DQN shifts buying/selling to more favorable periods; the box-plot evidence supports this by 
showing fewer costly steps and a median closer to zero. The SoC bounds remain physically safe for 
both controllers (minimum SoC 0.578947vs. 0.657895; maximum SoC 1.0 for both), indicating that 
the economic gains are not achieved by violating storage limits. The values remain within the safe 
operating window and guarantee that the improvement in cost does not rely on violations of the storage 
limits. The behavior reflects a feasible dispatch pattern under the hardware constraints. 

Table 1.  Metrics comparison 

Metric Rule-based Controller DQN Controller 
Average grid import (kW) 0.926817 1.028643 
Average grid export (kW) 0.612099 0.618243 

Minimum SoC 0.657895 0.578947 
Maximum SoC 1.000000 1.000000 

 
Table 2 highlights the qualitative difference in dispatch style. The baseline spends substantial 

time charging (29.17%) and idling (31.25%), with modest discharging (39.58%) and a smaller average 
absolute battery power (1.25 kW). In contrast, the DQN is predominantly in discharge (95.83%) with 
minimal time charging or idle (both 2.08%), and it operates at a higher average absolute battery power 
(2.6875 kW). Combined with the SoC time series that quickly settles at the upper bound, this pattern 
is consistent with short, decisive bursts of discharge around high-value instants, while avoiding 
unnecessary mid-day cycling. The net effect is a cost profile that is less volatile and a daily total that 
is materially lower in magnitude than the baseline. The large discharge fraction arises from the strong 
spread between low and high prices. The controller identifies the hours with the highest expected 
return and allocates discharge energy into these periods. The policy does not represent long term 
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cycling because the simulation covers only a single day. The design of a degradation aware 
formulation belongs to an extended study. 

Table 2.  Battery usage comparison 

Metric Baseline DQN 
Charging fraction 0.291667 0.020833 

Discharging fraction 0.395833 0.958333 
Idle fraction 0.312500 0.020833 

Average absolute battery power (kW) 1.250000 2.687500 
 

The two policies act on the battery in markedly different regimes in Fig. 4. The rule baseline 
frequently toggles between small positive/negative set-points and spends long stretches near the 
bounds, which reflects a myopic "follow-residual" rule. In contrast, the DQN holds a sustained charge 
at the lower bound during low-price hours and switches to deep discharge as prices rise, with few 
reversals. This shift concentrates energy arbitrage on price spreads rather than on instantaneous PV–
load imbalances. The effect propagates to economics: the cumulative-cost trajectories begin similarly 
but diverge after the midday transition, with the DQN curve staying below the baseline through the 
late-day peak. The contraction of costly import events yields a dispatch that reduces stress on the point 
of common coupling because high amplitude transitions in grid power become less frequent. 

	

Fig. 4. Battery actions and cumulative cost 

Grid interaction statistics corroborate this behavior in Table 3. The DQN slightly reduces the 
fraction of importing steps (0.5625 vs 0.5833) and slightly increases exporting steps (0.4375 vs 
0.4167), but, more importantly, reallocates magnitude across those steps: total imported energy 
increases (24.69 kWh vs 22.24 kWh) while total exported energy is comparable (14.84 kWh vs 14.69 
kWh). Combined with the price-aware timing (Fig. 5 and Fig. 6), this mix yields a lower net cost 
despite a larger gross import. Battery usage metrics show the same reallocation: the DQN spends far 
more time discharging (0.9583 vs 0.3958) and much less time idling (0.0208 vs 0.3125), with a higher 
average absolute power (2.69 kW vs 1.25 kW). In short, the learned policy exploits price structure 
with decisive, high-amplitude actions, whereas the baseline spreads smaller actions more uniformly 
over time. The redistribution of import and export magnitudes provides smoother grid interaction. The 
pattern reduces the reliance on short impulsive flows during high value hours. 

Table 3.  Grid interaction comparison 

Metric Baseline DQN 
Fraction of importing timesteps 0.583333 0.562500 
Fraction of exporting timesteps 0.416667 0.437500 
Total energy imported (kWh) 22.243601 24.687421 
Total energy exported (kWh) 14.690365 14.837834 
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Training curves indicate a stable optimization process in Fig. 7. Total episode reward improves 
over the first ~100 episodes with occasional exploratory dips; the long-term trend is upward and 
consistent with the final policy’s cost advantage. The mean-squared TD error rises gradually later in 
training, which is typical when the replay buffer shifts toward high-variance, near-greedy samples. 
The absence of explosive growth or oscillatory spikes suggests that target-network updates and replay 
are sufficient to keep estimates bounded. Together, these curves support that the policy converged to 
a stationary strategy under the stated stop criterion. The shape of the reward and loss curves indicates 
a stable learning trajectory within the finite horizon that characterizes the chosen environment. 

 
Fig. 5. Grid import and export power comparison 

 
Fig. 6. Net demand and battery dispatch over time 

 
Fig. 7. DQN training: Rewards and loss curves 

Scatter plots provide a behavioral fingerprint of both controllers. The PV–Load cloud in Fig. 8.  
is essentially an exogenous baseline; the two policies overlay it as expected. The SOC–Price plot 
reveals that both policies drive the battery to the upper SoC bound for much of the day; the DQN 
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reaches high SoC slightly earlier and maintains it through mid-prices, preserving headroom to 
discharge into the evening peak. 

 
Fig. 8. Scatter plots: PV vs Load, SOC vs Price 

Price–Import sensitivity in Fig. 9 makes the DQN’s timing explicit: imports cluster near zero for 
prices above ≈ 0.20 $/kWh, whereas the rule baseline still shows a few moderate imports in that band. 
At low prices (≈ 0.05–0.10 $/kWh), the DQN accepts larger imports than the baseline, which aligns 
with the sustained charging segment before noon. Histograms of grid power in Fig. 10 show heavier 
DQN mass near zero import, reflecting fewer mid-price purchases, and a modest right-tail at low 
prices; export distributions are broadly similar, with slightly more DQN mass in the 1–2.5 kW range 
during high-price discharge windows. 

 
Fig. 9. Sensitivity of grid import to electricity price 

 
Fig. 10. Grid import/export power distributions 

The concentration of imports near zero at mid prices arises from the preference for storing energy 
during low price hours. The plots confirm the dispatch logic observed in the SoC trajectory. 
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Table 4 shows that the DQN policy reduces peak grid current by 31.7% (24.280 A → 16.580 A) 
while slightly increasing the average grid current (6.691 A → 7.160 A). Fig. 11 corroborates this peak-
shaving behaviour: import spikes are clipped during high-price periods, shifting power away from the 
most stressed intervals. On the storage side, Table 4 indicates a marked rise in battery throughput 
(average battery current 26.042 A → 55.990 A) with identical hardware-limited peaks (62.5 A) in 
both policies, consistent with Fig. 11’s long discharge plateaus. The more negative average net battery 
current (−54.688 A vs −1.302 A) confirms net discharge by DQN over the horizon.  

 
Fig. 11. Currents over time (grid & battery) 

Table 4.  Current envelope and throughput (grid & battery) 

Metric Baseline DQN 
Average grid current (A) 6.690936 7.160372 

Maximum grid current (A) 24.280140 16.579518 
Average battery current (A) 26.041667 55.989583 

Maximum battery current (A) 62.500000 62.500000 
Average net grid current (A) 1.368340 1.784345 

 

The lower peak grid current improves thermal margins of cables and converters because peak 
heating is reduced when the highest current episodes are clipped. The increase in average battery 
current reflects intentional scheduling near high value events. The pattern is consistent with targeted 
use of stored energy rather than high frequency cycling. 

Although the mean frequency remains essentially unchanged (49.994 vs 49.992 Hz), Table 5 
shows that DQN improves the nadir (minimum frequency) from 49.888 Hz to 49.924 Hz and reduces 
the zenith from 50.079 Hz to 50.061 Hz. Expressed as absolute deviations from 50 Hz, the nadir error 
drops by ≈31.7%, and the zenith error by ≈22.7%. These gains align with the current-peak suppression 
seen in Table 6 and Fig. 11, and they are visible as tighter excursions in Fig. 12. The DQN therefore 
attenuates power-imbalance–driven frequency departures without altering the steady-state setpoint. 
The reduction in frequency deviation enlarges the safe region around the nominal operating point. The 
gain represents a mitigated response to power imbalance because the dispatch logic avoids abrupt grid 
power movements. 

Table 5.  Frequency stability metrics (mean, nadir, zenith) 

Metric Baseline DQN 
Average frequency (Hz) 49.993706 49.991792 

Minimum frequency (Hz) 49.888311 49.923734 
Maximum frequency (Hz) 50.079407 50.061362 

 

Table 6 reports a modest rise in the mean phase angle (49.16° → 49.53°) alongside a narrower 
operating range: the minimum increases substantially (5.36° → 22.69°) while the maximum moves to 
the limit (84.70° → 90.00°). The net effect, also apparent in Fig. 12, is a ~15% contraction of the 
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phase-angle spread, which reduces angular stress and enhances synchronism margins at the PCC. 
Together with Table 5, these data indicate that the DQN policy yields better small-signal quality 
(frequency/angle excursions) by reallocating power dynamically. 

Table 6.  Voltage phase-angle statistics (mean, min, max) 

Metric Baseline DQN 
Average phase angle (deg) 49.157586 49.525423 

Minimum phase angle (deg) 5.363559 22.688572 
Maximum phase angle (deg) 84.695442 90.000000 

 

 
Fig. 12. Currents over time (grid & battery) 

The study reports current frequency and phase angle responses together with economic 
performance. These indicators seldom appear together in previous reinforcement learning based 
energy management works. The combination forms a fuller view of the controller behavior. The main 
findings concern the shift of battery usage into targeted intervals that carry high value within the daily 
cycle. The shift improves cost and reduces peak grid current. The comparison with existing studies 
shows that prior work often evaluates economic indicators only. The present analysis expands the set 
of indicators by quantifying electrical quality metrics at the same operating point. The implication is 
a dispatch strategy that improves reliability because large excursions in grid current and frequency 
become less prominent. The limitation lies in the absence of detailed battery ageing cost and the use 
of a single synthetic profile. The extension to wider datasets and the addition of degradation aware 
constraints will enrich the analysis in future investigations. 

4. Conclusion 
This study evaluates a Deep Q Network energy management policy for a grid connected 

photovoltaic microgrid and shows that the learned controller can reduce the magnitude of daily 
operating cost by about 35.6 % relative to a transparent rule-based baseline while keeping the state of 
charge within prescribed bounds. The policy shifts charging toward low price periods and schedules 
discharge near expensive intervals so the microgrid imports more energy when electricity is cheap and 
relies on the battery when the grid is costly. The results also indicate that the agent attenuates current 
peaks at the point of common coupling and tightens the range of frequency and phase angle excursions 
which supports a more benign operating regime for grid components and converters. These findings 
suggest that a carefully engineered discrete action DQN can coordinate economic objectives and 
electrical quality metrics in a single decision process that remains compatible with engineering 
practice. 

The work contributes a compact Markov decision process model for a single bus microgrid that 
embeds battery degradation penalties branch current envelopes frequency deviation and phase angle 
variation in the running cost so that the agent optimizes a multi criteria objective rather than a purely 
monetary one. The numerical study provides a joint view of cost state of charge trajectories current 
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statistics and small signal frequency behaviour under a common experimental protocol that uses the 
same traces seeds and constraints for the baseline and the DQN policy. The implementation uses 
NumPy arrays and explicit update equations so every state transition action selection and cost 
evaluation can be inspected statement by statement which is useful for debugging auditing and porting 
the controller to embedded platforms that do not host large machine learning runtimes. This design 
reduces dependence on opaque computation graphs and eases translation of the algorithm to C or other 
low-level languages that are common in industrial controllers. 

The study has several limitations that define a clear path for future research. The environment 
relies on synthetic photovoltaic load and price profiles for a single day horizon so the reported 
improvements may change under different climates tariff structures or longer horizons and the battery 
model uses a simplified degradation surrogate that does not capture the full physics of aging. The 
learning algorithm remains a basic Deep Q Network without Double DQN dueling heads or prioritized 
replay so stability and sample efficiency may be improved further. Future work will investigate richer 
battery health models and more advanced value learning schemes apply the framework to measured 
microgrid data sets and explore deployment on hardware in the loop or field demonstrators. Extensions 
to multi agent settings and to larger hybrid alternating current and direct current architectures can 
generalize the proposed approach and support cooperative scheduling policies that address both 
operational efficiency and long-term reliability in real energy systems. 
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