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ADAPTIVE CONTROL OF CLOSED-CIRCUIT GRINDING CYCLES BASED ON FUZZY
LOGIC FOR ENERGY-EFFICIENT LIBERATION OF VALUABLE MINERALS

Abstract. To develop and validate an adaptive fuzzy logic control system for a closed-circuit grinding process that
reduces specific energy consumption while maintaining product particle size specifications required for effective mineral
liberation.

A multi-input, multi-output fuzzy logic controller was designed with inputs including product size error and mill load
deviation, and outputs adjusting fresh feed rate and dilution water flow. The controller incorporated a supervisory adapta-
tion mechanism that dynamically adjusted input and output scaling factors based on a real-time energy efficiency index.
Performance was evaluated through simulation using a validated dynamic model of a ball mill-hydrocyclone circuit, with
comparative assessment against a conventional PID (proportional integral derivative) controller under constant and
varying ore hardness conditions.

The adaptive fuzzy controller achieved a 9.2 percent reduction in specific energy consumption compared to the PID
benchmark. Product particle size consistency improved significantly, with the standard deviation of P80 reduced by
47.6 percent and maximum deviation decreased by 54.2 percent. Under disturbance conditions, the fuzzy controller
demonstrated superior disturbance rejection, reducing settling time by 50 percent and maintaining product within specifi-
cation throughout the transition. The adaptive mechanism proved essential, adjusting scaling factors by up to 30 percent
in response to changes in ore hardness.

This study presents a holistic adaptive fuzzy logic control strategy explicitly designed to optimize the trade-off be-
tween energy consumption and mineral liberation quality. The novel integration of a real-time energy efficiency index for
dynamic adjustment of controller sensitivity provides a self-tuning capability that addresses the limitations of fixed-
parameter controllers in handling time-varying process dynamics.

The demonstrated energy savings translate to substantial cost reductions, with annual savings of approximately
$680,000 for a typical 5 million ton per year processing plant. Improved product consistency stabilizes downstream re-
covery processes and reduces equipment wear. The adaptive capability makes the controller suitable for industrial im-
plementation where ore characteristics vary routinely, offering a practical pathway to enhanced energy efficiency in
comminution operations.

Keywords: fuzzy logic control, adaptive control, grinding circuit, energy efficiency, mineral liberation, comminution,
ball mill, particle size distribution, process control, disturbance rejection.

1. Introduction

Comminution, encompassing crushing and grinding operations, represents the
most energy-intensive stage in the mineral processing value chain, typically account-
ing for 30 to 50 percent of a mine's total operational energy costs and, in many cases,
exceeding half of the site's electrical power consumption [1, 2]. Within this context,
grinding mills stand as the predominant consumers, making any improvement in their
efficiency directly translatable to substantial economic and environmental bene-
fits [3, 4]. The fundamental purpose of the grinding stage extends beyond mere parti-
cle size reduction; it serves the critical function of liberating valuable minerals from
the surrounding gangue matrix to render them amenable to subsequent separation
processes such as flotation or leaching. The quality of this liberation is predominantly
determined by the particle size distribution of the mill product, commonly character-
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ized by the P80 value, which represents the sieve size through which 80 percent of
the material passes [5]. Achieving the target P80 is a delicate balancing act: insuffi-
cient grinding fails to adequately liberate the valuable minerals, leading to poor re-
covery and economic losses, while excessive grinding, or over-grinding, not only
squanders energy but also generates fine slimes that can impede downstream separa-
tion processes and complicate tailings management.

The closed-circuit grinding configuration, typically comprising a ball mill operat-
ing in series with a hydrocyclone classifier, is the industry standard for achieving
controlled product sizes [6, 7]. However, this system presents considerable challenges
for conventional regulatory control strategies [8]. The grinding process is inherently
non-linear, exhibits time-varying behavior due to mill liner wear, and is subject to
significant disturbances, most notably variations in ore hardness and feed particle size
distribution [9]. Traditional proportional-integral-derivative controllers, while widely
implemented, struggle to maintain optimal performance under such conditions. Their
fixed-gain structure is ill-suited to the wide operating envelope of a grinding mill,
often resulting in conservative tuning that prioritizes stability over efficiency, or con-
versely, in oscillatory behavior when ore characteristics change [10]. These limita-
tions manifest as suboptimal energy consumption, increased variance in product par-
ticle size, and reduced overall throughput.

In response to these challenges, advanced control strategies based on computa-
tional intelligence offer a promising alternative — fuzzy logic control provides a
framework well-suited to the complexities of the grinding process [11]. Unlike mod-
el-based controllers that require precise mathematical descriptions of the system,
fuzzy logic controllers can encapsulate heuristic operator knowledge and process ex-
pertise through linguistic rules [12]. This approach inherently accommodates non-
linearity and can be designed to emulate the decision-making of an experienced plant
operator, continuously adjusting mill feed rate and other manipulated variables to
maintain product quality [13]. By incorporating a supervisory adaptation mechanism,
such a controller can further adjust its own parameters in response to changing pro-
cess conditions, such as a gradual shift in ore hardness, ensuring sustained near-
optimal performance.

While the application of fuzzy logic to grinding circuits is not entirely novel,
much of the existing research has focused on regulatory control of specific variables,
such as sump level or mill load, rather than on a holistic strategy for energy optimiza-
tion [14]. This article addresses the gap in developing an adaptive fuzzy logic control
system that simultaneously minimizes specific energy consumption and ensures com-
pliance with particle size specifications for effective mineral liberation. The aim is to
demonstrate that a well-structured adaptive fuzzy controller can navigate the grind-
ing-liberation trade-off more effectively than conventional methods, delivering meas-
urable energy savings without compromising metallurgical performance.

2. Methods
The primary objective of this study is to develop and validate an adaptive fuzzy
logic control system for a closed-circuit grinding process, with the overarching goal
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of enhancing energy efficiency while maintaining product quality. This objective is
pursued through three specific aims. First, the controller is designed to minimize spe-
cific energy consumption, measured in kilowatt-hours per ton of material processed,
by dynamically adjusting operating parameters to avoid over-grinding and reduce cir-
culating loads during periods of favorable ore characteristics. Second, the control
strategy is tasked with maintaining the particle size distribution of the final product,
specifically the P80 value, within a narrow target band to ensure consistent and suffi-
cient mineral liberation for downstream recovery processes. Third, the performance
of the proposed adaptive fuzzy controller is evaluated against conventional control
methods to quantify improvements in circuit stability, particularly its ability to reject
disturbances arising from variations in ore hardness and feed size distribution, there-
by demonstrating its practical applicability in an industrial setting.

The closed-circuit grinding system under investigation comprises a ball mill oper-
ating in series with a hydrocyclone classifier. Fresh ore is fed into the mill at a con-
trolled rate, where it is ground with steel balls to reduce particle size. The mill dis-
charge flows to a sump, where it is diluted with water before being pumped to the
hydrocyclone. The hydrocyclone utilizes centrifugal force to separate the stream: the
underflow, containing coarser particles, is returned to the mill for further grinding,
while the overflow, comprising the finer particles meeting size specifications, ad-
vances as the final product [15]. The key variables characterizing this system are cat-
egorized as follows. The controlled variables, those that must be regulated, encom-
pass the mill load (often inferred from bearing pressure or power draw), the cyclone
feed density, and, most critically, the final product particle size characterized by the
P80 value [16]. The principal disturbances acting upon the system are variations in
ore hardness and fluctuations in the particle size distribution of the fresh feed materi-
al.

The specific energy consumption for the grinding process, a key performance
metric, is calculated as the power drawn by the mill divided by the throughput:

E,=—, L)

where E; is the specific energy consumption (kWh/t), P is the net power draw of the
mill (kW), and M is the mass flow rate of solids through the mill (t/h). The circulating
load, which represents the ratio of material returned to the mill to the fresh feed, is
another important operational parameter:

CLz%xlOO%, )

where CL is the circulating load, Fg is the mass flow rate of the hydrocyclone under-
flow (t/n), and F is the fresh feed rate (t/h). An optimally controlled circuit maintains
a stable circulating load that balances grinding efficiency with product quality.
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The fuzzy logic controller developed for this application is a multi-input, multi-
output system designed to emulate the decision-making of an experienced plant oper-
ator. The controller inputs are derived from the process measurements. The primary
input is the error in product size, defined as:

e(t)=P80¢arget — PBO(1), (3)

where P80:arget 1S the desired product size specification (um) and P80(t) is the meas-
ured value at time t (um). The second input is the rate of change of this error, which
provides predictive information:

de _ e(t) —e(t — At) |

dt At )

with units of um per minute (um/min). Additional inputs include the deviation of mill
load from its setpoint (in tonnes (t) or percent of mill filling) and the rate of change of
mill load (t/min or %/min), providing a comprehensive view of the circuit's internal
state. The controller outputs are the adjustments to the manipulated variables: the
change in fresh ore feed rate AF (t/h), the change in mill speed AN (revolutions per
minute, rpm, or % of rated speed), and the change in sump dilution water flow rate
AW (m3/h or L/min).

The fuzzification interface converts these crisp numerical inputs into fuzzy lin-
guistic values using membership functions. For each input and output variable, a set
of five linguistic terms is defined: Negative Large, Negative Small, Zero, Positive
Small, and Positive Large. The membership functions for these terms are designed
with triangular and trapezoidal shapes, providing smooth transitions between linguis-
tic states. The universe of discourse for the error in product size, for example, is nor-
malized to the range [-1, 1] through appropriate scaling factors, where -1 corresponds
to the product being maximally too fine and +1 to it being maximally too coarse rela-
tive to the target.

The fuzzy rule base constitutes the core knowledge representation of the control-
ler, encapsulating process operational expertise through a set of conditional state-
ments. These rules are formulated as "if-then" statements that relate the linguistic in-
put states to the appropriate output actions. A representative subset of the rule base is
presented in Table 1, illustrating the control logic for adjusting fresh feed rate based
on product size error and mill load conditions.

The inference engine evaluates these rules simultaneously using the Mamdani im-
plication method. For each rule, the degree of fulfillment is computed based on the
current input memberships, and the resulting fuzzy output sets are aggregated.

The defuzzification interface then converts this aggregated fuzzy output into a
crisp numerical value suitable for driving the process actuators. The centroid defuzzi-
fication method is employed, which calculates the center of gravity of the aggregated
output membership function:
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where u* is the crisp output value, and u(u) is the aggregated membership function
for the output variable. This method provides a smooth and responsive control signal
that considers the entire shape of the output distribution.

Table 1 — Representative fuzzy rules for adjustment of fresh feed rate

Rule Product Size Error Mill Load Feed Rate Adjustment
1 Coarse Low Increase Large

2 Coarse Normal Increase Small

3 Coarse High No Change

4 Normal Low Increase Small

5 Normal Normal No Change

6 Normal High Decrease Small

7 Fine Low No Change

8 Fine Normal Decrease Small

9 Fine High Decrease Large

A classical multi-loop PID controller was used as a baseline. The primary loop
regulates the product particle size (P80) by adjusting the fresh ore feed rate. Second-
ary loops maintain mill load (via power draw or bearing pressure) and cyclone feed
density (via dilution water). The controller uses the standard velocity form to avoid
integral windup:

de(t)

u(t) = K,e(t)+ K, [e(t)dt + K, (6)

where u(t) is the controller output (change in manipulated variable), e(t) is the error
(setpoint minus measured value), K, Ki, Kq is the proportional, integral and deriva-
tive gain. Gains were tuned using Ziegler-Nichols reaction curve method followed by
fine manual adjustment, yielding: Ky = 0.8-1.2, K; = 0.02—-0.05 min™', Kg = 1.5-3 min
(depending on loop). Anti-windup logic and output limiting kept the feed rate within
0-150 t/h. The controller operated with a 1-minute sampling time to match typical
industrial DCS update rates.

The proposed controller has a hierarchical structure: a main Mamdani-type fuzzy
inference system (FIS) and a supervisory adaptation layer. For each manipulated var-
lable (AF, AW, and AN), a separate multi-input single-output FIS is used, with two
inputs — normalised product size error and mill load deviation. Scaling factors G, and
Gy map inputs to the range [-1, 1]. Five triangular/trapezoidal membership functions
per input define the linguistic terms: NL, NS, Z, PS, PL. The rule base contains 25
rules (5x5 matrix) derived from operator experience, prioritising energy efficiency by
favouring moderate feed increases when the mill is underloaded and the product is
coarse, while avoiding overload. Inference uses the min-max method with Mamdani
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implication; defuzzification is the centroid method. Output scaling factors G, convert
the fuzzy output to engineering units (e.g., t/h for AF).

The adaptation layer computes a short-term energy efficiency index
n(t) = Esrer / Es(t) every 10 minutes and applies exponential moving average filtering.
The scaling factors are then adjusted by gain scheduling:

G, (t) = G, pase 1+ K, (1=7(1))), (7)

Gu (t) = Gu,base (1+ Kb (1_ U(t))) ) (8)

with adaptation gains K, =~ 1.2-1.8 and Ky = 0.6-1.0, allowing scaling changes up to
+30 % without destabilising the circuit. This makes the controller more sensitive dur-
ing hard ore periods (higher G.) while moderating aggressive outputs (lower Gu).

The closed-circuit model includes population-balance-based ball mill dynamics,
the empirical Plitt model for the hydrocyclone, and transport delays. The PID and
fuzzy controllers are implemented as separate subsystems. The overall block diagram
is shown in Fig. 1.

To address the time-varying nature of the grinding process, particularly changes
in ore hardness and mill liner wear, the fuzzy controller incorporates a supervisory
adaptation mechanism. This higher-level monitor continuously evaluates process per-
formance by calculating a short-term energy efficiency index:

p(t) = —Sref ©)
Eq(t)

where 7(2) is the instantaneous efficiency index, Es et is a reference specific energy
consumption established during periods of known good performance with standard
ore, and Es(t) is the current measured specific energy. When this index deviates sig-
nificantly from unity, indicating a change in ore grindability or mill efficiency, the
adaptation mechanism adjusts the input and output scaling factors of the fuzzy con-
troller. Specifically, if the efficiency index decreases, suggesting harder ore or re-
duced mill performance, the scaling factors for the error inputs are increased to make
the controller more responsive, while the output scaling factors are adjusted to pre-
vent aggressive actions that could destabilize the circuit. This adaptive scaling is im-
plemented through a simple gain scheduling approach:

Ko () =K -[1+ Kawjki v, (10)

n ref

where ki(t) is the adapted scaling factor for input or output i, Kipase IS the base scaling
factor determined during controller design, K, is the adaptation gain constant,
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and #rer IS the desired efficiency index value. This mechanism enables the controller
to maintain near-optimal performance across a range of operating conditions without
requiring manual retuning.

Controller Subsystem

Error Calculation
€pgo, €load Y
Adaptation
Mechanism n(t) >
\/ N Scaling Factors
Fuzzy Inference | _ J
System FIS
Manipulated
Variables
A\
Fresh OreFeed ¢ — — — — — —— — — — — .
__ = PID Alternative Path
/ — r
\Feed Rate F ‘ \
f \
[ Ball Mill Discharge |
Vv oy
Underflow Sump + Dilution
v Water W
[ Hydrocyclone }
Overflow AF
Product '

PID / Fuzz
P80 | Fuzzy
Controller
Measurement
Subsystem

Figure 1 — Block diagram of the closed-circuit grinding process with the adaptive fuzzy logic con-
troller subsystem (solid lines)
and benchmark PID control path (dashed lines)

The validation of the proposed adaptive fuzzy logic control system was conducted
through simulation using a dynamic model of the closed-circuit grinding process. The
model, based on population balance principles for grinding kinetics and empirical
classification functions for the hydrocyclone, has been previously validated against
industrial data and accurately captures the nonlinear dynamics and key interactions
within the circuit. The simulation test program was designed to evaluate controller
performance under three distinct scenarios. The first scenario involved constant feed
ore hardness to establish baseline performance and assess steady-state regulation ca-
pability. The second scenario introduced step changes in ore hardness at specific time
intervals to evaluate the disturbance rejection properties of the controller and the ef-
fectiveness of the adaptation mechanism. The third scenario examined set-point
tracking performance by imposing step changes in the target P80 value, simulating
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changes in downstream processing requirements. In all scenarios, the performance of
the adaptive fuzzy controller was benchmarked against a well-tuned conventional
PID controller representing current industrial practice, with comparative metrics in-
cluding specific energy consumption, product size variance, and settling time follow-
ing disturbances.

3. Result and Discussion

Scenario 1: Constant Ore Hardness. The performance of the adaptive fuzzy logic
controller was first evaluated under conditions of constant ore hardness to establish
baseline regulation capability. Figure 2 presents a comparative analysis of the fuzzy
logic controller against a conventionally tuned PID controller over a four-hour simu-
lation period with identical feed characteristics.

The results reveal distinct differences in control behavior between the two strate-
gies. The PID controller, despite reasonable tuning, exhibits persistent oscillations in
fresh feed rate with an amplitude of approximately +3 tons per hour around the mean
value. These oscillations propagate through the circuit, manifesting as corresponding
fluctuations in product P80, which varies within a range of 15 micrometers around
the target value of 150 micrometers. While the PID controller maintains the product
within acceptable limits, it does so at the expense of stability, with the circulating
load varying continuously and requiring the mill to handle frequent changes in solids
loading.

In contrast, the fuzzy logic controller demonstrates markedly superior stability.
The fresh feed rate is adjusted smoothly and infrequently, with adjustments occurring
only when process conditions warrant intervention. This stability is reflected in the
product P80 trajectory, which remains within a narrow band of £5 micrometers of the
target for over 90 percent of the operating time. The fuzzy controller effectively elim-
inates the high-frequency oscillations characteristic of the PID response, resulting in
a steadier state that reduces mechanical stress on equipment and simplifies down-
stream operations.

The power draw profiles further illuminate the differences between the two ap-
proaches. The PID-controlled mill exhibits a fluctuating power demand that averages
1850 kW but varies by approximately £100 kW throughout the test period. This vari-
ation indicates that the mill is periodically operating under conditions of either under-
loading or overloading, neither of which is optimal for energy efficiency. The fuzzy
logic controller maintains a remarkably stable power draw of 1790 kW with minimal
variation, indicating consistent loading conditions that correspond to the sweet spot
of the grinding efficiency curve. The lower average power draw of the fuzzy control-
ler, combined with the stable feed rate, translates directly to reduced specific energy
consumption. Over the four-hour test period, the fuzzy controller achieved a specific
energy consumption of 16.8 kwWh per ton, compared to 18.2 kWh per ton for the PID
controller, representing an immediate 7.7 percent reduction without any compromise
in product quality.

Scenario 2: Disturbance Rejection. The true test of any advanced controller lies in
its ability to handle process disturbances. In this scenario, a simulated change in ore
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hardness was introduced at the one-hour mark, with the Bond Work Index increasing
from 14 kWh per ton to 17 kWh per ton, representing a transition to a significantly
harder ore type. Figure 3 illustrates the response of both controllers to this disturb-
ance.
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Figure 2 — Constant Ore Hardness — Comparison of PID and FLC

The PID controller responds to the hardness increase with a characteristic delay.
As the harder ore enters the mill, the product begins to coarsen because the same res-
idence time and power input are no longer sufficient to achieve the target grind. The
PID controller, reacting to the growing error in product size, begins to reduce feed
rate approximately 12 minutes after the disturbance onset. However, the response is
initially too conservative, allowing the product P80 to drift to 168 micrometers before
the corrective action takes full effect. This excursion above the target represents a
period of under-grinding during which mineral liberation would be compromised,
potentially reducing recovery in downstream processes. As the controller continues to
integrate the error, it eventually reduces feed rate excessively, causing a temporary
over-correction that drives the product finer than necessary, increasing specific ener-
gy consumption during this period.

The adaptive fuzzy logic controller demonstrates superior disturbance rejection
through its ability to anticipate the need for change. The supervisory adaptation
mechanism, monitoring the energy efficiency index, detects the decrease in grinding
efficiency almost immediately as the power draw begins to increase relative to
throughput. The scaling factors for the error inputs are adjusted upward, making the
controller more responsive to deviations from target. Simultaneously, the rule base,
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which incorporates knowledge of the relationship between mill load and product size,
initiates a smooth reduction in feed rate before the product size error becomes large.
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Figure 3 — Disturbance Rejection (Ore Hardness Change at t=60 min)

The result is a maximum deviation of only 156 micrometers in product P80, fol-
lowed by a rapid return to target with minimal overshoot. The feed rate trajectory
shows a single, decisive reduction followed by stabilization at the new optimal value
for the harder ore. Throughout this transition, the fuzzy controller maintains the
product within the specification window, ensuring consistent liberation conditions for
downstream processes.

The specific energy consumption trajectories reveal the efficiency implications of
these different responses. The PID controller exhibits a pronounced spike in specific
energy as it over-corrects and grinds the material finer than necessary, followed by a
gradual settling to the new baseline. The fuzzy controller shows a smoother transition
to the higher specific energy level required for the harder ore, avoiding the wasteful
over-grinding period and reducing the total energy penalty associated with the dis-
turbance.

Energy Efficiency Analysis. A comprehensive analysis of energy performance
across all test scenarios is summarized in Table 2, which presents the key metrics for
both controllers averaged over multiple simulation runs with varying disturbance pat-
terns.

The fuzzy logic controller demonstrates a 9.2 percent reduction in specific energy
consumption compared to the PID benchmark, translating to energy savings of ap-
proximately 1.7 kWh for every ton of ore processed. This improvement is achieved
alongside a marginal increase in throughput, indicating that the fuzzy controller not
only uses energy more efficiently but also extracts greater productive capacity from
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the same equipment. The dramatic reduction in P80 variance, nearly 48 percent lower
than the PID controller, is particularly significant from a metallurgical perspective.

Table 2 — Comparative performance metrics for fuzzy logic and PID controllers

Metric PID controller Fcl:Jozrft); Olﬁg:C Improvement
Specific Energy Consumption (KWh/t) 18.4 16.7 9.2%
Throughput (t/h) 102.3 104.1 1.8%
P80 Standard Deviation (um) 8.2 4.3 47.6%
P80 Maximum Deviation (pm) 24 11 54.2%
Settling Time After Disturbance (min) 28 14 50.0%

Consistent product size translates directly to consistent liberation conditions,
which stabilizes downstream recovery processes and reduces the need for operator
intervention. The 50 percent reduction in settling time following disturbances means
that the circuit returns to optimal operation faster, minimizing the duration of subop-
timal performance and the associated losses in recovery or efficiency.

The economic implications of these improvements are substantial. For a hypothet-
ical processing plant treating 5 million tons of ore annually, the 9.2 percent reduction
in specific energy consumption would yield annual energy savings of approximately
8.5 million kWh. At an industrial electricity rate of $0.08 per kWh, this represents
cost savings of $680,000 per year. Beyond direct energy costs, the improved stability
and consistent product quality would reduce wear on grinding media and liners, de-
crease maintenance requirements, and potentially increase recovery rates in down-
stream flotation circuits by providing more consistent feed conditions. The environ-
mental benefits are equally significant, with the reduction in energy consumption cor-
responding to a decrease in greenhouse gas emissions associated with power genera-
tion, supporting sustainability objectives that are increasingly important in the mining
industry.

Discussion of Adaptive Mechanism. The good performance of the fuzzy logic con-
troller can be attributed in large part to its adaptive capability, which distinguishes it
from fixed-parameter fuzzy systems. The adaptation mechanism, operating through
adjustment of input and output scaling factors based on the real-time efficiency index,
effectively tunes the controller's sensitivity to match prevailing process conditions.
During periods of nominal ore hardness, the scaling factors maintain moderate values
that provide responsive yet stable control. When the transition to harder ore occurs,
the efficiency index drops, triggering an increase in the scaling factors for the error
inputs. This adjustment effectively amplifies the perceived error, making the control-
ler more aggressive in responding to deviations from target precisely when such re-
sponsiveness is needed. Simultaneously, the output scaling factors are modulated to
prevent this increased sensitivity from leading to instability.

The effect of this adaptation is illustrated in Figure 4, which tracks the evolution
of key scaling factors during the hardness transition scenario.

As the efficiency index declines from its nominal value of 1.0 to approximately
0.92 following the hardness increase, the scaling factor for product size error progres-
sively increases by approximately 30 percent over a five-minute period. This gradual
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adjustment prevents abrupt changes in controller behavior while ensuring that the full
sensitivity is available when needed.
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Figure 4 — Adaptive Mechanism — Response to Hardness Change

As the controller successfully returns the product to target and the efficiency in-
dex begins to recover, the scaling factors gradually return toward their baseline val-
ues, restoring the nominal controller tuning. This dynamic adjustment enables the
fuzzy controller to maintain near-optimal performance across a wide range of operat-
ing conditions, effectively widening the envelope within which the circuit operates
efficiently.

The importance of this adaptation becomes evident when comparing the adaptive
fuzzy controller to a fixed-rule fuzzy system without adaptation. In preliminary test-
ing not detailed here, the fixed fuzzy controller, while outperforming the PID during
nominal conditions, exhibited degraded performance during the hardness transition.
Without the ability to adjust its sensitivity, the fixed fuzzy controller responded either
too slowly if tuned conservatively, or with excessive oscillations if tuned aggressive-
ly for the harder ore. The adaptive mechanism resolves this dilemma by allowing the
controller to be simultaneously stable during nominal operation and responsive dur-
ing disturbances, embodying the principle that optimal control requires flexibility in
the face of changing process dynamics. This adaptive capability represents a signifi-
cant advancement over conventional approaches and provides a robust foundation for
industrial implementation where ore characteristics are seldom constant.

4. Conclusion
This study has demonstrated that an adaptive fuzzy logic control system can suc-
cessfully reduce energy consumption in a closed-circuit grinding process while main-
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taining product quality. The simulation results show a 9.2 percent reduction in specif-
ic energy consumption compared to conventional PID control, achieved through
smoother operation and consistent maintenance of the mill near its optimum operat-
ing point.

Crucially, these energy savings were realized without compromising mineral lib-
eration. The fuzzy controller actually improved product quality consistency, reducing
the standard deviation of particle size by 47.6 percent. This enhanced stability pro-
vides ideal feed conditions for downstream processes and potentially improves over-
all recovery.

The adaptive mechanism proved essential to this performance, enabling the con-
troller to maintain effectiveness across varying ore hardness conditions by dynami-
cally adjusting its sensitivity. This capability addresses a fundamental limitation of
fixed-parameter controllers and demonstrates that fuzzy logic control is a robust
method for handling the non-linear dynamics and disturbances inherent in comminu-
tion circuits.

Future work should focus on industrial-scale implementation to validate perfor-
mance under real-world conditions, and on integration with predictive control strate-
gies to achieve further optimization gains.
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ADANTUBHE KEPYBAHHA LUMKNAMU NOAPIBHEHHA B 3AMKHYTOMY KOHTYPI HA OCHOBI
HEMITKOI NOriKKu ana EHEPrOE®EKTUBHOI O BUAINEHHA LIIHHUX MIHEPATIB
Kopossika €.A., XomeHko B.J1., lNaweHko O.A., lLlesueHko C.B., pewnak O.C.

Po3pobutn Ta nigTBEPANTM E(DEKTUBHICTL @AaNTUBHOT CUCTEMI KEPYBAHHS Ha OCHOBI HEYITKOT OrikV ANs npolecy
NoApIBHEHHS B 3aMKHYTOMY KOHTYpI, Sika 3MEHLLYe NUTOME EHEpProcroXmBaHHs Npu 30epexeHHi rpaHynoMeTpuiHOro
ckrnagy npoayKTy, HeobXigHOro Ans e(heKTUBHOMO PO3KPUTTS LiHHUX MiHepanis.

Byno po3pobneHo GaraToBxigHWi Ta GaraToBMXigHUI KOHTPONEP Ha OCHOBI HEYITKOI NOriKK 3 BXIHUMM 3MIHHUMMY,
WO BKIKOYAKOTb MOXMOKY KPYMHOCTI MPOAYKTY Ta BIOXWMEHHS 3aBaHTAXEHHS MIWHA, T BUXIGHUMM 3MIHHUMMW 4N
KOpUryBaHHS NMPOLYKTUBHOCTI XUBMNEHHS i BATPaTX BOAW B 3ymnd. KOHTponep MICTUB CynepBi3opHWA apanTayinHui
MEXaHi3aM, SKWA OMHAMIYHO HanalToByBaB BXigHI Ta BuMXigHi MacwwTabytoui KoedilieHTM Ha OCHOBI iHOEKCY
€HeproehekTMBHOCTI B peanbHOMy 4aci. EeKTMBHICTL oOuiHIOBanacs LUNSAXOM MOAENOBAHHS 3 BUKOPUCTAHHAM
BanigoBaHoI AMHaMIYHOI MOZAENI KOHTYPY KyMNbOBOrO MIMHA-TIAPOLMKIOHY 3 MOPIBHAMBHOK OLIHKOK NPOTW TPaguUitHoro
Mi0-perynsrtopa B yMOBax NOCTINHOI Ta 3MiHHOI TBEPAOCTI pyau.

ALanTUBHWIA HEYITKUI KOHTpOrep 3abe3neumB 3HKEHHS MMTOMOrO eHeprocnoxmBaHHs Ha 9.2% nopisHsHo 3 MI0-
perynatopoM. CTabifbHICTb rpaHynoMeTPUYHOrO Cckrnagdy NpPOAyKTy 3HAYHO MNOKpalimnacs: cepefHbOKBagpaThyHe
BipxuneHHs P80 3meHwmnocs Ha 47.6%, a MakcumanbHe BigxuneHHs — Ha 54.2%. B ymoBax 30ypeHb HeuiTkui
KOHTPOMep NPO4EMOHCTPYBAB KpalLie iX NpuAYLLEHHS], CKOPOTUBLUM Yac nepexigHoro npouecy Ha 50% Ta nigTpumyioyn
SKiCTb MPOAYKTY B Mexax creyudikalii mpoTsarom BCbOro nepexigHoro nepiogy. AmanTauiiHuii MexaHisM BUSIBUBCS
KPUTUYHO BaXTNBUM, 3MiHIO04N MacLuTabytoui koedpilieHTn Ao 30% Y Bignosigb Ha 3MiHW TBEPLOCTi PyAM.

Y UbOMy AOCMIMKEHHI MPeaCcTaBneHo LiniCHy aganTWBHY CTpaTeritd KepyBaHHS Ha OCHOBI HEYITKOI NOriku,
cneuianbHo po3pobneHy Ans onTUMIsauii KOMMPOMICY MiX E€HEeprocnoXuBaHHAM Ta SKICTIO PO3KPUTTS MiHepanis.
HoBaTopcbka iHTerpavis iHgekcy eHeproeheKTMBHOCTI B pearibHOMY Yaci AN AWHaMiYHOMO HanalTyBaHHS YyTAMBOCTI
KOHTponepa 3abesnevye MOXMMBICTb CaMOHaNalTYyBaHHS, sika Oofiae OBMeXeHHs KOHTporepiB 3 ¢hikcoBaHUMU
napameTpamu npu poboTi 3i 3MIHHOI0 B Yaci ANHAMIKOK NpoLECy.

MpoaeMOHCTPOBaHa EKOHOMIS eHepril NPWU3BOANUTL A0 CYTTEBOTO 3HWKEHHS BUTPAT: piyHA EKOHOMIS CTaHOBMUTb
npubnusHo 680 000 ponapis CLUA ans tunosoi 36aradyBanbHOi (habpukv NPOQYKTUBHICTIO 5 MINbIOHIB TOH Ha pik.
lMokpalleHa CTabinbHICTE NPOAyKTy CTabinisye nopanblli MpOLECK BWUIYYEHHS Ta 3MEHLUYE 3HOC 0OMagHaHHS.
ApanTuBHa 34aTHICTb POBUTL KOHTPONEP NMPMAATHUM NS NPOMWUCIOBOTO BMPOBAMKEHHS B YMOBAX PETYNSPHOI 3MiHM
XapaKTEPUCTUK Pyau, MPOMOHYIOUM NPAKTUYHUIA LWIAX A0 MiABULLEHHS eHeproedheKTUBHOCTI onepauiin NoapiGHEHHS.

KntoyoBi cnoBa: KepyBaHHS Ha OCHOBi HEYITKOi IOriKM, afanTMBHE KepyBaHHs, LMK NoApibHEHHS,
€HeproeheKTUBHICTb, PO3KPUTTS MiHepaniB, Ae3iHTerpallis, KynbOBUIA MAWH, paHynoOMETPUYHWIA CKNag, aBToMaTtn3alis
TEXHOMOTYHMX NPOLIECIB, 3an0biraHHs 36yPeHHHO.
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