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ABSTRACT:

Lack of real-time measurements is a major problem in the operation and control of the high-purity

oxygen activated-sludge process. A real-time estimator using dissolved oxygen measurements in each stage and
liquid flow rates was developed to estimate biomass and substrate concentrations, biomass growth, and decay
rates. A fuzzy algorithm was used to estimate unmeasured variables, such as influent substrate and recycle
biomass concentrations. The convergence of the algorithms used for the estimator is fast and stable, even with
a large range of initial inputs and noisy dissolved oxygen measurements. The estimated results compare well
with both plant data and synthetic results produced by a process model and corrupted with white noise. The
difference in the predictions of single substrate and structure models is demonstrated. The estimator was tested
successfully for certain types of process upsets, such as shock hydraulic loading and high diluted sludge volume

index.

INTRODUCTION

One of the most challenging problems to operators of the
activated sludge (AS) process is the lack of real-time mea
surements. This leads to poor observability and poor system
performance. The high-purity oxygen (HPO) AS process,
which is characterized by HPO feed (90—98% oxygen) and
covered aeration tanks in series, is more complex to operate
than conventional open-air AS processes. More quantitative
controls are needed. It is crucia for the operator to know the
state of the ongoing process when making operational deci-
sions. The known states and parameters of the process also
can be utilized for process control. A real-time estimator for
the HPO-AS process would be valuable because it can esti-
mate many unmeasured states.

Constructing a real-time estimator is a common practice in
the control engineering field (Aborhey and Williamson 1978;
Ljung 1979). A number of successful applications of this tech-
nique for fermentation have been reported (Stephanopoulos
and San 1984; Ramirez 1987; Shimizu and Takamatsu 1989;
Dochain 1992; and Dochain et al. 1992). In the fermentation
process, such as a fed-batch bioreactor, the input substrate usu-
aly isknown, and biomassis not recycled. For the AS process,
the influent substrate concentration is highly stochastic and
unknown, and biomass is recycled to maintain biomass con-
centration in the aeration tank. The recycled biomass concen-
tration usually is not measured real time. This greatly increases
the complexity of applying real-time estimation techniques to
the AS process. Meditch and Hostetter (1974) developed an
algorithm for systems with unknown inputs, but the algorithm
can be applied only to constant-coefficient linear systems.

Previous applications of real-time state and parameter esti-
mation techniques for the AS process also can be found.
Holmberg and Olsson (1985) presented a simultaneous esti-
mation scheme for K_a and oxygen uptake rate (OUR) based
on a linear Kalman filter, taking advantage of the differing
timescales of the two variables. Marsili-Libelli (1990) con-
structed a real-time estimator to predict K .a and OUR using
linear approximation. The estimator was coupled with a self-
tuning proportional-integral-derivative regulator. Their results
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confirm that useful estimates can be obtained in all cases. Ay-
esa et a. (1991) developed a real-time state and parameter
estimation agorithm for identifying the International Associ-
ation on Water Quality model parameters. They employed a
recursive nonlinear, extended Kaman filter to simulate the be-
havior of a specific AS process under the steady and transient
conditions. The results showed rapid convergence and accurate
state estimation even with noisy data.

The purpose of this study was to develop a method to es-
timate important, but unmeasurable variables in the HPO-AS
process using available real-time measurements and process
models. We employed an asymptotic algorithm (Dochain et al.
1992) to estimate biomass and substrate concentrationsin each
stage using dissolved oxygen (DO) measurements. The spe-
cific growth and decay rates were estimated simultaneously
based on the estimated biomass and substrate concentrations
using a recursive least-squares algorithm (Young 1984; Do-
chain and Bastin 1990). The OURSs for each stage also were
estimated. An unstructured or single-substrate HPO-AS model
was used for the real-time estimator (Lawrence and McCarty
1970; Stenstrom et al. 1989). A real-time fuzzy logic algorithm
(Pedrycz 1993) was used to estimate the unmeasured influent
substrate and recycle biomass concentrations. The recycle bio-
mass concentration was estimated using the effluent total sus-
pended solid (TSS) with 30 fuzzy rules and a mass balance
on the secondary clarifier. In this way, the off-line measure-
ment of dilute sludge-volume index (DSV1) was incorporated.

The estimator was calibrated using pilot plant data (Samstag
1989; Stenstrom 1990; Yuan et a. 1993). The performance and
simulated results of the estimator were compared with the pilot
plant data and process data from a full-scale HPO-AS plant.
A structured model (Stenstrom 1990) also was used to simulate
the process for verification. A complete description of the
model, controller, and fuzzy sets and rules is available else-
where (Yin 1995).

HPO-AS PROCESS AND MODEL

The HPO process is different from the conventiona open-
air AS process because of its use of HPO (90—98%) and the
process configuration. Fig. 1 shows atypical HPO-AS process.
The aeration tanks are covered and arranged in series (usually
3—6 stages) to increase treatment efficiency and oxygen uti-
lization. The oxygen normally is fed to stage 1, which operates
at dlightly higher pressure than atmospheric (usually approxi-
mated 1.008 atm or 5—15 cm water column). The mixed liquor
DO concentrations in each stage are higher (6—10 mg/L) than
commonly found in open-air AS processes.

Primary effluent to the aeration tanks can be manipulated
depending on operational needs. The primary effluent can be
fed to stage 1 in the conventional way or can be fed to stage
2 to establish a reaeration mode or fed directly to stage 4 to
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FIG. 1. Flow Diagram for Typical Four-Stage HPO-AS Process

TABLE 1. Summary of Some Measurements for HPO-AS
Process

Measured | Measured
Variable name on-line off-line Unmeasured
(1) (2 (3) (4)

Influent flow rate X
Influent substrate concentra-

tion X X
Recycle flow rate X
Recycle biomass concentra-

tion X X
Oxygen partial pressure X
DO concentration X
Sludge wasting flow rate X
Effluent TSS X X
DSVI X
Effluent BODs (or chemical

oxygen demand) X X

Note: X denotes the most likely method(s) of measurement.

protect sludge inventory when hydraulic shock loading is en-
countered (Torpey 1948; Clifft et al. 1983). The estimator was
operated in the reaeration mode to conform to the pilot plant
operation (Samstag 1989). The estimator can work in any feed
mode and we demonstrate this later by simulating a hydraulic
shock load.

To construct the real-time estimator for liquid phase oper-
ation, it was necessary to examine the on- and off-line mea-
surements used in the HPO-AS process. Table 1 summarizes
some of the possible measurements that can be used in esti-
mator design. Stage DO concentration is one major measure-
ment required for the estimator that can be measured easily in
most HPO-AS plants. Inexpensive, reliable DO and oxygen
partial pressure instruments are available. The estimator also
requires the real-time measurements of influent, recycle bio-
mass and waste biomass flow rates.

Another important parameter to run the estimator is the oxy-
gen transfer coefficient (K a). In most cases, K,a should be
proportional to the impeller speed (surface aerator) or gas re-
circulation rate (submerged turbine aerator). Various empirical
equations may be used to estimate stage K a, and the follow-
ing equation is used in this research:

K.a = 0.143(P)*° @

where P = stage propeller (kW). This equation is site and
process specific and should not be applied elsewhere. Using
this equation, K a becomes a known parameter for the esti-
mator.

A conventional Monod-type dynamic model developed by
Stenstrom et al. (1989) was used as the governing equation
for both state and parameter estimators. The liquid phase
model takes the form
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where DO = dissolved oxygen concentration; S = substrate con-
centration; X = the biomass concentration; CO = dissolved car-
bon dioxide concentration; NH = ammonia concentration; DN
= dissolved nitrogen gas concentration; p, and w4 are the spe-
cific growth rate and decay rates, respectively; subscripts o and
i = influent and stage number, respectively; coefficients K ;—K 4
= various kinetic and stoichiometric coefficients, D; and D,, =
dilution ratios for influent flow rate plus recycle flow rate and
influent flow rate, respectively; and OTR, CTR, and NTR = gas
transfer rates that include the mass transfer coefficients and driv-
ing force terms. The gas phase balance is not presented but has
been published previoudly (Stenstrom et a. 1989).
Eqg. (2) can be generalized as follows:

di;

e Kwi(&) — Di& + F + TR(&) 3

where § = state vector consisting of DO, substrate, biomass,
carbon dioxide, ammonia, and dissolved nitrogen concentra-

TABLE 2. Definition and Values of Estimator Parameters

Element Formula Explanation Value
(1) (2) (3) (4)
K, —(1 — Y)You /Y |Y, céll yield, mass X/mass S Y = 0.55
Yoz1, Mass O,/mass S Yoo = 1.42

K, —Yoz Yoz, Mass O,/mass X Yoz = 1.42

Ky -1y

K, 0

Ksg 1 1

Ke -1 -1

K, (1 — Y)Ycoun!Y |Ycop1, mass CO, produced/ | Yeop, = 1.37
mass S converted

Kg Ycoz Ycozz, Mass CO, produced/ | Yeop, = 1.95
mass X oxidized

Note: All time units are in hours (after Tzeng 1992).

TABLE 3. Definition and Values of Structured Model Param-
eters

Parameter Value Description
(1) (2) (3)
bci 0.012 Decay coefficient (h™")
bsstor 0.405 Transfer coefficient
bstor 0.5 Transfer coefficient
festrm 0.6 Maximum fraction (m/m)
K csor 0.05 Saturation coefficient (m/m)
K oex 1.42 O, stoichiometric coefficient (m/m)
K o2si 1.10 O, stoichiometric coefficient (m/m)
K oogr 1.10 O, stoichiometric coefficient (m/m)
K so2 2.0 O, saturation coefficient (mg/L)
My 0.006 Maximum growth rate (h™)
Myor 0.75 Maximum growth rate (h™*)
Yisol 0.4 Active mass yield (m/m)
Yisr 04 Active mass yield (m/m)
Y, 0.15 Inert mass yield (m/m)

Note: All time units are in hours (after Tzeng 1992).




tions; K = stoichiometric and yield coefficient matrix; w; is
the biomass growth and decay rate vector, which is a function
of the states; F; is mass input vector in the liquid phase; and
TR; = mass transfer rate vector, which aso is a function of
the process states. The elements of K are defined and de-
scribed in Tables 2 and 3. Tables 2 and 3 aso shows the values
of the stoichiometric and yield coefficients used in the esti-
mator. It should be noted that the K matrix is known and
constant.

ESTIMATION METHODOLOGIES
Real-Time Estimator Schematic

The real-time estimator consists of three major parts: fuzzy
estimation of influent substrate and effluent TSS concentra-
tions, process state estimation, and model parameter estima-
tion. Because influent substrate and TSS usually are not mea-
sured real time, their estimation is an important function. An
asymptotic algorithm was employed for state estimation, and
recursive least-squares algorithm was applied for parameter
estimation.

Fig. 2 shows the overall structure of the estimator. The es-
timator was incorporated into an existing single-substrate,
HPO-AS simulation program (Stenstrom et al. 1989) and runs
in paralel with the ssimulator. The estimator and simulator
share the same gas phase model (O, feed, pressure, etc). The
estimator starts with the fuzzy estimation of influent substrate
and effluent TSS. These estimates along with the DO mea-
surements, initial conditions, and other measurements initiate
both the estimator and the simulator. The estimated substrate
and biomass concentrations are used for estimating biomass
growth and decay rates. Finally, the estimated states and pa-
rameters are displayed graphically to the operator. To illustrate
the success of the estimator, we compare these estimates with
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FIG. 2. On-Line Estimator Schematic

both plant data and simulation results from the more advanced
structured model.

Asymptotic and Recursive Least-Squares Algorithms

An asymptotic observer algorithm (Dochain et a. 1992) was
employed to estimate biomass and substrate concentrations in
each aeration stage using DO measurement only. It partitions
(2) into two parts (a and b), which correspond to the measured
and unmeasured states, respectively. The partitioned states are
combined linearly to eliminate the nonlinear vector w; by in-
troducing an auxiliary state vector Z,, as follows:

% = —DZ + AFia+ TR + (Fip + TR (4)

Eo=ANZ — Ak (5)

where A,, A,, and A, = coefficient matrices and can be ob-
tained from the K matrix; &;, and &;, = measured and esti-
mated states, respectively.

This algorithm allows the partial use of (2) to perform the
estimation. In this case the first three states in (2) were used
and partitioned. Because not al the values in the A, matrix
are known, it cannot be inverted. To overcome this problem,
we used the estimated vy in the parameter estimator at time
t — 1 to approximate wy in the w; vector of (2) (time incre-
ments generally were 1 hr). Therefore, the coefficient matrices
in (4) and (5) have the following formats:

_ A 1 |K;g _
A=A, = < [KS] and A,=1 (6a,b)
£.=DO and &,=[S X (7a,b)

We used a recursive least-squares algorithm (Young 1984;
Dochain and Bastin 1990) for biomass growth and decay rate
estimation. This algorithm is a recursive least-squares algo-
rithm obtained by applying a linear regression technique.
Based on (2) the algorithm can be written as

ﬁ-m+1 = lllmt =+ TFi,tKHi,t(gt){gﬁl - §t

- T[KHi,t(gt)llirT]t - Dgt + TR + Fi]} (8)
Pa = 52 {1 = THIEK T
+ T°KH (BT HI(EIK T KH, (§)T ©)

where p"t,; and i = estimated maximum growth and decay
rates at timest + 1 and t for the ith stage, respectively; K =
coefficient matrix; T and | = integration time step and identity
matrix, respectively; I';, = auxiliary matrix at time t, which is
updated every integration step; A = forgetting factor, which
controls the stability and the tracking properties of the esti-
mator; and H;, = a matrix that reflects our knowledge of the
biokinetics.

To compensate for the unmeasured substrate and biomass
concentrations in the aeration tanks, the estimated substrate
and biomass concentrations along with the DO measurement
in the parameter estimator were used. The first two states in
(2) were used to construct the estimator. The matrices in (8)
and (9) have the following values:

- | Ky Kq
<=| i ] (10

~ ~m max; 0
Wit = MI,(HI,I = |:IL0 ‘ Kd:l Hi,t (11)
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where pna, and K4 = ith stage biomass maximum growth and
decay rates, respectively; and Ky and Kpo = half-saturation
coefficients for substrate and DO concentrations, respectively.
Incorporating Monod kinetics into H;, is very important to
obtain good performance of the estimator. The biomass growth
is subject to the limitation of biomass, substrate, and DO con-
centrations. The endogenous respiration is also limited by the
DO concentration. This is especially true in stage 1 when the
process is operated in the reaeration mode, where less substrate
is present and endogenous respiration becomes significant.

Fuzzy Logic

Because influent substrate and recycle biomass concentra-
tions are not measured in real time, estimating these two var-
iables becomes crucialy important to support the estimator.
We used a fuzzy logic algorithm to make these predictions.
Three sets of fuzzy rules have been developed and imple-
mented into the estimator.

The first set consists of 14 fuzzy rules used for estimating
the influent substrate concentration. For municipal wastewater,
the substrate-loading pattern is correlated strongly to living
habits and the characteristics of the sewer system in the service
area, such as the length of the sewer and travel time of flow.
The peak substrate loading at treatment plant usually lags the
peak substrate discharge because there is a travel lag between
the plant and the residential area. The 14 rules were formul ated
based on the observed loading pattern corresponding to the
time.

The other set of 30 fuzzy rules estimates the effluent TSS
concentration. We considered the two operational parameters
that may have significant influence on effluent TSS: influent
flow rate and DSVI. Olsson and Stephenson (1985) have cor-
related high influent flow rate and high effluent TSS concen-
tration. The DSV represents the sludge-settling characteristics
(Koopman and Cadee 1983; Hultman et al. 1991) where high
DSVI value usualy indicates poor sludge-settling rates. Such
conditions usually result in high effluent TSS concentration.

Fig. 3 shows the fuzzy rule relations among influent flow
rate, DSVI, and effluent TSS. The horizontal axis is the influ-
ent flow rate that changes from very low to extremely high.
Similarly, DSVI changes from very low to very high on the
vertical axis. Each box inside the matrix represents the pre-

Influent Flow Rate

VL L N H VH EH
1 6 11 16 21 2

VL | w VL L N H H
2 7 12 17 22 27

psvi - vL L L N H VH
3 8 13 18 23 28

N L N N H VH VH
4 9 14 19 24 29

H N H H VH VH VH
5 10 15 20 25 30

VH H H VH VH EH EH

Variable Interpretation:

N --- normal
EH --- extremely high

VL --- very low L --low
H - high VH - very high

FIG. 3. Fuzzy Rule Relation Matrix for Flow Rate and DSVIver-
sus Effluent TSS
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dicted effluent TSS. This matrix reflects the empirical knowl-
edge among the three parameters. higher values of flow rate
and DSV correspond to higher effluent TSS concentration. It
should be noted that the estimator only works on each hori-
zontal axis period, because DSVI is not measured rea time.
Whenever the estimator receives a new DSVI, the estimator
creates new values along the vertical axis corresponding to the
current DSVI. In this way, the off-line measurements are used
for real-time estimation.

After obtaining the effluent TSS, the recycle biomass con-
centration can be obtained by making a mass balance around
the clarifier as follows:

— (Qin,t + QR,I)X4,I B (Qin,t B Q\N,I)XTSS,I
Que + Qua

where Q;,1, Qr:, and Qu,; = influent, recycle, and waste sludge
flow rates at time t, respectively; X,, is the stage 4 biomass
concentration, estimated from the state estimator; and X;ss: =
effluent TSS concentration obtained using the fuzzy logic a-
gorithm described earlier.

For unusual conditions, such as sludge bulking or wet-
weather flow, fuzzy TSS estimation is needed for the abnormal
state. A third set of rules (10 rules) was developed to allow
the fuzzy estimate to adapt to abnormal conditions. When pre-
defined flow rates or DSV limits are exceeded, the rule set is
invoked and the scaling factors are obtained. These scaling
factors then are applied to the support sets for flow rate, DSVI,
and effluent TSS concentration. In this way, the scale and
shape of the membership functions are changed, to establish
a new working estimation state.

X (13)

RESULTS AND DISCUSSION
Plant Data, Model, and Estimator Inputs

The pilot plant data shown in Table 4 were used to confirm
and evaluate the performance of the estimator. These data are
average values and do not represent the process dynamics,
especially when the process is under transient conditions. To
create dynamic conditions, a structured, dynamic HPO-AS
process model (Stenstrom 1990) was used to simulate dynamic
conditions. The results of this model were compared with the
estimator’s predictions for the same input conditions.

The structured dynamic HPO-AS process model is much
more advanced than the simple, single-substrate model used
in the estimator. The structured model was calibrated and val-

TABLE 4. Pilot Plant Data

Parameter Value Parameter Value
1) &) (3) 4

Liquid phase volume |7.84 m® Stage 1 OUR 63 mg O,/L-h

Gas phase volume 113 m® Stage 2 OUR 96 mg O,/L-h

Gas phase pressure 3cmw.c. |Stage3 OUR 48 mg O,/L-h

Average flow rate 6 m°h Stage 4 OUR 41 mg O,/L-h

Recycling ratio 52% Average stage 1 7.6 mg/L
DO

Sludge waste rate 0.48 mh |Average stage 2 5.2 mg/L
DO

Net yield 0.6-0.85 |Average stage 3 5.5 mg/L
DO

MLSS 1,346 mg/L |Average stage 4 5.0 mg/L
DO

MLVSS 1,171 mg/L |Stage 1 O, purity |93.7%

Recycle sludge conc. |3,577 mg/L |Stage 2 O, purity [82.8%

Recycle sludge conc. |3,112 mg/L |Stage 3 O, purity |71.0%

(VSS)

Influent total BODs 88 mg/L Stage 4 O, purity |65.6%

Influent soluble BODs |39 mg/L O, flow in 0.62 m*h

Influent total chemical {217 mg/L  |O, flow out 0.07 m%h

oxygen demand
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FIG. 5. Fuzzy Estimation of Effluent TSS with Different DSVIs

idated by Tzeng (1992) and Yuan (1994) based on this pilot
plant data and data from a full-scale HPO-AS plant. Good
agreement between model predictions and plant data was ob-
tained. Table 3 summarizes the biokinetic parameters used in
the model. The stoichiometric and yield coefficients used in
the estimator are shown in Table 2.

The same input data were used for both simulator and es-
timator inputs. The pilot plant had four stages in series and
was operated in reaeration mode (primary effluent fed to the
second stage). The plant used surface aerators. The diurnaly
varying influent flow rate was approximated by a sinusoid. The
DO measurements in each stage were assumed in a sinusoidal
pattern because of the flow rate pattern, with a mean equaling
to the measured average plant data (Table 4), and were cor-
rupted with a white noise.

Fuzzy Estimation of Influent Substrate and
Effluent TSS

Fourteen fuzzy rules were used to estimate the influent sub-
strate pattern. All rules use time as the rule antecedent. Fig. 4
shows the estimated BOD; for a typical day. The number and
defined ranges (support sets) of rules will vary from plant to
plant, depending on the characteristics of the sewer system and
the service area. One should create these rules based on the
observed substrate-loading pattern to obtain estimates for dif-
ferent sites.

Fig. 5 shows the estimated effluent TSS using the fuzzy
rules described in the Fuzzy Logic section. Asthe influent flow
rate undergoes a periodic change, the TSS changes accord-

ingly; more TSS is lost through the effluent when flow rate is
high, and less TSS is present in the effluent when flow rate is
low. Another important parameter that greatly influences efflu-
ent TSS is the DSVI value. Two DSVI conditions were sim-
ulated, as shown in the graph. Both DSV Is are partially within
the ““normal (N)’’ range, but oneis partialy in the ““high (H)"’
range (DSVI = 125) and another is in the “low (L)’ range
(DSVI = 75). As expected, the results show increased TSS
with increased DSVI. This is exactly the knowledge that is
implemented in the rule matrix (Fig. 3).

A crucia step in making this estimation is the design of the
fuzzy relation matrix (Fig. 3), which should represent the best
empirical knowledge among the three parameters. Correctness
of the rules determines the overall trend of the estimates (the
shape of the curves shown in Fig. 5). The shape of the curve
will be completely different if the relation matrix is defined
differently from that in Fig. 3. The number of the rules and
appropriately defined ranges of the linguistic variables, such
as high, low, normal, are responsible for making an accurate
prediction. In principle, increasing the number of rules can
make the prediction more accurate (smoother curves) but also
greatly increases the required knowledge and complexity of
the estimation. To define properly the range of each linguistic
variable, one should use trial and error to fine-tune the fuzzy
estimator based on specific plant data.

State Estimation

To validate the asymptotic state estimator, the waste bio-
mass flow rates and concentrations measured in the pilot plant
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FIG. 6. Comparison of Estimated and Simulated Biomass and Substrate Concentrations

were used as inputs to the estimator. The convergence and
stability of the estimator with a large range of initial values of
the auxiliary states (Z’s) were evaluated. A sensitivity analysis
of the Z, and Z, vectors was performed. Initial values of both
vectors were varied for both biomass (500 mg/L) and sub-
strate (=50 mg/L) in al four stages. Even with this large range
of initial estimates, the convergence was fast and stable for
both states. The convergence for biomass estimation is faster
than for substrate (approximately 2 h). The relative error be-
tween the plant measured and estimated biomass concentration
was 6%. Substrate estimation accuracy rapidly improved over
3h

To evaluate the estimator’s ability to predict reactor biomass
and substrate concentrations, the estimator was used with in-
fluent flow rate and substrate concentration functions and mea-
sured DO concentrations. The influent flow rate and substrate
concentration were approximated by sinusoidally varying
functions with means equal to the plant data and with an am-
plitude equal to the expected variationsin the plant data. White
noise producing variations in the mean by approximately 10%
also was added for realism. The estimated effluent substrate
could not be compared with pilot plant effluent substrate con-
centrations, which were not measured. Instead, estimated ef-
fluent substrate was compared with simulations from the struc-
tured model. The estimated influent substrate and recycle
biomass concentrations generally were used as inputs to the
structured model. Fig. 6 shows the estimated and simulated
biomass and substrate concentrations. The estimated biomass
concentration in stage 2 tracks the simulated biomass well,
except in the initial 10 h of the simulation (differences related
to initial conditions and startup convergence). The same pat-
tern of biomass concentration changes can be observed for the
rest of the stages. The oscillation of biomass concentration is
caused by the sinusoidally varying inputs.

Fig. 6 reveals significant differences between the simulated
and estimated substrate concentrations in stage 2. The reason
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for this is the difference between the structured and conven-
tional models. The simulator uses the concept of stored sub-
strate and mass; the estimator does not use this more advanced
concept and is based on a simple, single-substrate model
(Lawrence and McCarty 1970). In the structured model, par-
ticulate substrate is stored rapidly (or entrapped in bioflocs)
and is biodegraded more slowly. This accounts for the rapid
substrate uptake when the influent is contacted initially with
the mixed liquor. This also causes the maximum oxygen de-
mand to lag the maximum loading. The differences in pre-
dicted and estimated substrates is much less in stage 4, where
the stored substrate is largely consumed and more endogenous
conditions exist.

Conventional Monod kinetics have difficulty in simulating
this phenomenon. The ability to simulate rapid substrate up-
take and lagging OUR has been an important goal of struc-
tured model development (Jacquart et a. 1973; Busby and
Andrews 1975; Stenstrom and Andrews 1979; Dold et al.
1980; Clifft and Andrews 1981). The International Association
on Water Quality AS model also has this ability (Henze et al.
1987). To include this ability in the estimator, structured model
mechanisms must be used. These mechanisms can be included
but would increase greatly the complexity of the algorithm and
would be more time-consuming. If an estimator is to be used
in situations where rapid substrate uptake rate is important,
then an estimator based on the structured model should be
used.

Parameter Estimation

Parameter estimation is performed using (8)—(12). The
maximum specific growth rate, decay rate, and OUR were es-
timated. The biomass, substrate, DO concentrations in each
stage, and the fuzzy estimated influent flow rate and recycle
biomass concentrations are used in the parameter estimation.

Fig. 7 shows the estimated specific growth rates and simu-
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FIG. 7. Estimated Results for Biomass Specific Growth Rate and OURs in Stages 2 and 4

TABLE 5. Summarized Simulation Results and Comparison
among Estimated, Simulated, and Measured Data

Parameter Stage 1 | Stage 2 | Stage 3 | Stage 4
1) &) 3 4 (5)
K,a used (h™) 20 50 30 3.0
K used (mg/L) 1.0 20.0 20.0 20.0
Koo used (mg/L) 0.5 0.5 0.5 0.5
Average biomass maximum
growth rate (h™?) 0.013 0.133 0.091 0.081
Average biomass decay rate
(h™ 0.010f —0.005| -—0.003 0.006
Average biomass specific
growth rate (h™) 0.012 0.095 0.055 0.043
Average estimated OUR
(mg O,/L-h) 82.1 100.9 54.2 51.5
Average simulated OUR
(mg O,/L-h) 80.6 100.2 63.4 457
Average measured OUR
(mg O,/L-h) 63.0 96.0 48.0 41.0
Average estimated biomass
concentration (MLVSS,
mg/L) 3,447 1,042 1,055 1,070
Average simulated biomass
concentration (MLSS,
mg/L) 3,597 1,334 1,333 1,327
Average measured biomass
concentration (MLVSS,
mg/L) 3,112 1,171 1,171 1,171

lated and estimated OURs in stage 2 over a 48-h simulation
period. As evidenced in the upper graph of Fig. 7, the dynam-
ics of biomass specific growth rates in stages 2 and 4 are in
phase with the organic loading (dotted line); the higher the
organic loading, the larger the growth rate. The average growth
rate in stage 2 is higher than that of stage 4 because of the
higher substrate concentration in stage 2 (primary effluent is
fed into stage 2).

The estimated OUR in stage 2 tracks the OUR (lower graph)

from the structured model well and the organic loading pattern
(comparing lower and upper graphs). This good tracking abil-
ity is particularly caused by the correctly estimated specific
growth rate. However, a time lag (2—3 h) between the esti-
mated and simulated OURs was observed in stages 2, 3, and
4 (not shown). This is again caused from the use of different
models in constructing the simulator and estimator. A simple
but empirical aternative method to overcome this problem is
to use a delay time (t — T, where 7 is the delay time) in (8)
and (9).

Table 5 summarizes the simulation results. The negative val-
ues of biomass decay rates in stages 2 and 3 indicate large
biomass growth. The simulated and plant-measured data for
OUR and biomass concentration reasonably agree. The high
simulated and estimated OURSs in stage 1 are caused by high
biomass concentrations.

State Estimation under Abnormal Operation

Process upsets, such as sludge bulking and high flow caused
by storm water usually are experienced in wastewater-treat-
ment plants. Under these abnormal operating conditions, it is
very important for the operator to be aware of the important
process states, in order to change the operation mode to ac-
commodate the upsets. A process estimator may be useful in
these circumstances. In this section we present two abnormal
cases (high hydraulic loading and high DSVI value) using the
real-time estimator to predict biomass concentrations in each
stage. The simulation inputs are the same as those previously
presented in the state and parameter estimation sections, ex-
cept influent flow rate and DSVI. They are changed to simulate
the process upsets.

The upper graph of Fig. 8 shows the estimated biomass
concentrations of stages 1 and 4 when high influent flow rate
occurs at 36 h. Because of the higher flow rate, the biomass
in the clarifier (caused by high TSS in effluent) washes out,
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FIG. 9. Estimated Biomass Concentrations for Stages 1 and 4 with High DSVI

increasing effluent TSS and reducing recycle biomass concen-
tration. The average stage 4 biomass concentrations before and
after the occurrence of high flow rate are 1,033 and 803 mg/L,
respectively. A 22% reduction of biomass concentration is es-
timated. Similar reductions are observed for the other stages.
If an even higher flow rate was used, further reductions of
biomass would be expected in each stage. This may cause
treatment process failure.

An alternative strategy dealing with hydraulic shock loading
is step feed (Torpey 1948). In using this strategy, primary ef-
fluent is fed directly to the later or last stage of the process.
In thisway, the biomassin stages 1, 2, and 3 can be conserved.
The lower graph of Fig. 8 shows the results of applying this
strategy. When the feed point is changed from stage 2 to stage
4, the fuzzy logic sets the biomass concentrations in stages 2
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and 3 equal to the stage 1 biomass concentration. As compared
with the reaeration mode (upper graph), this strategy can in-
crease the total sludge masses from 8.0 to 11.7 kg in all four
stages, which is a 46% increase over reaeration operation. This
change alows the plant to retain its biomass inventory and
greatly helps the plant recover after the high hydraulic loading
ends.

High DSVI implies poor biomass settling ability or sludge
bulking and large amounts of biomass may be lost through the
effluent. To properly apply the estimator in this situation, the
estimation of effluent TSS becomes critically important. As
indicated earlier, a separate set of rules was used to readjust
the rule sets that are used in normal operation. Fig. 9 shows
the performance of the adaptive rules for the TSS estimation
(dotted line) when high DSVI occurs at time equal to 24 h.



The effluent TSS increases from 13.5 to 58 mg/L. This results
in reduction of biomass concentration for all stages. As shown
in Fig. 9, the average reduction of biomass concentration for
each stage is approximately 40%, which may jeopardize the
treatment process and cause process failure or permit viola-
tions.

CONCLUSIONS

A fuzzy logic—supported real-time state and parameter es-
timator were developed for the HPO-AS process. For state
estimation, an asymptotic algorithm was employed. A recur-
sive least-squares method was used for parameter estimation.
To compensate for unknown influent substrate and recycle bio-
mass concentrations, a fuzzy logic algorithm was used to pre-
dict these unmeasured process variables. The estimator can
predict the unmeasured substrate and biomass concentrations
in each stage using DO measurements alone. It also can esti-
mate other important parameters, such as maximum, specific
growth and decay rates, and OURs. Knowledge of these stim-
ulated states and parameters can greatly help the operator in
making decisions, as well as providing quantitative supports
for advanced process control.

The convergence of the algorithms is fast and stable even
with a large range of initial values and noisy DO measure-
ments. The estimated process parameters agree reasonably
well with both plant and structured model simulations. The
estimator can closely track the simulated OURSs under transient
conditions. It also can be used for state and parameter esti-
mation when certain types of process upsets occur.

A crucia step in developing such an estimator is fuzzy es-
timation of effluent TSSs, because TSS has great influence on
the biomass inventory. Rule accuracy is the key for the whole
estimation. Influent flow rate and DSVI are the two major
parameters influencing TSS. The estimator utilizes the off-line
measurement (DSVI) for real-time estimation purposes. The
fuzzy rules developed for the estimator also have the ability
to detect process upsets, such as high hydraulic loading (storm
water) and high DSVI, and accommodate the upsets by in-
voking modified sets of rules.
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