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The characteristics of fecal sludge delivered to treatment plants are highly variable. Adapting treatment
process operations accordingly is challenging due to a lack of analytical capacity for characterization and
monitoring at many treatment plants. Cost-efficient and simple field measurements such as photographs
and probe readings could be proxies for process control parameters that normally require laboratory anal-
ysis. To investigate this, we evaluated questionnaire data, expert assessments, and simple analytical mea-
surements for fecal sludge collected from 421 onsite containments. This data served as inputs to models
of varying complexity. Random forest and linear regression models were able to predict physical-chemical
characteristics including total solids (TS) and ammonium (NH4*-N) concentrations, and solid-liquid sep-
aration performance including settling efficiency and filtration time (R? from 0.51-0.66) based on image
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\s/;zist:[tion analysis of photographs (sludge color, supernatant color, and texture) and probe readings (conductivity
fecal sludge (EC) and pH). Supernatant color was the best predictor of settling efficiency and filtration time, EC was

the best predictor of NH;-N, and texture was the best predictor of TS. Predictive models have the poten-
tial to be applied for real-time monitoring and process control if a database of measurements is devel-
oped and models are validated in other cities. Simple decision tree models based on the single classifier
of containment type can also be used to make predictions about citywide planning, where a lower degree
of accuracy is required.

© 2021 The Authors. Published by Elsevier Ltd.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

compliance of effluent standards during operation. Although there
has been considerable research focused on improving characteriza-
tion and monitoring for centralized, sewer-based wastewater treat-
ment in high-income countries, this is still lacking for fecal sludge

1. Introduction

The sanitation needs of 1/3 of the world’s population are
met by non-sewered sanitation technologies, which can only pro-

vide protection of human and environmental health if the accu-
mulated fecal sludge is adequately managed (WHO 2017, 2018).
To achieve this, characterization of process control parameters at
treatment plants is required to ensure safe and efficient treatment
(Bassan and Robbins 2014, von Sperling et al. 2020b). This includes
projections for quantities and qualities of influent when designing
a treatment plant, and routine monitoring for process control and
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treatment (Corominas et al. 2018, Klinger et al. 2019, WHO 2017,
Yoo et al. 2008). A key obstacle is the lack of accessible analyti-
cal capacity, as there are few fecal sludge treatment plants (FSTPs)
with onsite laboratories, and supply chains for procurement of
chemicals are often complex and unreliable (Bassan et al. 2015,
Bousek et al. 2018, Klinger et al. 2019).

Solid-liquid separation is a key step in fecal sludge treatment,
and FSTPs are designed for settling and dewatering which typically
precede subsequent treatment of liquid and solid fractions, and
is most commonly achieved by settling-thickening tanks and/or
drying beds, but could also entail mechanical dewatering, geo-
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textiles, or new innovative technologies. The characteristics of fe-
cal sludge are highly variable, resulting in correspondingly incon-
sistent settling and dewatering performance (Cofie et al. 2006,
Gold et al. 2016). Without methods to predict the variable char-
acteristics of sludge arriving for treatment, adjustments cannot be
made to plant operations. The results are clogged drying beds or
filter membranes, wasted space and decreased treatment capacity
(Klinger et al. 2019). To address these problems, real-time moni-
toring for adaptive process control is required (Ward et al. 2021).
Parameters relevant for citywide planning and optimized process
control at FSTPs include physical-chemical characteristics of influ-
ent (e.g., total solids (TS), chemical oxygen demand (COD), and am-
monium nitrogen (NH4*-N) (Bassan and Robbins 2014).

Research is being conducted into alternatives to laboratory-
based analysis for fecal sludge, but these alternatives are not yet
well established and little quantitative research has been done
(Bousek et al. 2018). However, several interesting correlations be-
tween field measurements and laboratory-based measurements
have been reported. For example, electrical conductivity (EC) and
pH have been correlated with settling performance and dewater-
ing time of fecal sludge, suggesting that these might be possi-
ble field measurements to use as indicators of expected solid-
liquid separation performance (Gold et al. 2018, Junglen et al. 2020,
Ward et al. 2019). Data gathered by questionnaire, including con-
tainment type (i.e., pit latrine or septic tank), presence of house-
hold water connection, source (i.e., household or commercial),
and household income have been linked to physical-chemical
characteristics such as TS and COD in several cities. However,
these correlations are empirical and may differ between cities
(Englund et al. 2020, Strande et al. 2021a, Strande et al. 2018,
Tembo 2019). Expert assessments of color and odor are informally
used as indicators of level of sludge stabilization, and it is generally
believed that perceptible differences in color and odor are linked
to different physical-chemical properties and dewatering perfor-
mance (Hartenstein 1981, Schoebitz et al. 2016). However, the ca-
pacity of color and odor to monitor fecal sludge characteristics has,
to our knowledge, never before been quantified and is not well
documented in the literature. Quantifying relationships between
possible field measurements and laboratory-based measurements
is the first step in establishing alternative field-based methods, but
in order get the most utility out of field-based measurements, pre-
dictive models can be employed.

Based on experience using software sensors in the wastewater
treatment sector, it should be possible to develop predictive mod-
els for fecal sludge using the types of field measurements previ-
ously discussed (Diirrenmatt and Gujer 2012, Tyralis et al. 2019).
Currently, operators at FSTPs do not use predictive models, but
may use expert knowledge or data collected from emptiers to
make decisions about operation, process control, and maintenance.
For example, mixing sludge from households and public toilets in
a pre-determined ratio to achieve more consistent settling behav-
ior (Cofie et al. 2006) or varying the dose of polymer flocculant
for pit latrine sludge and septic tank sludge, based on observations
of the differences in their solids contents (Ward et al. 2021). Very
little research has been published on predicting fecal sludge char-
acteristics, however it has been proposed that questionnaire data
can be used to model estimated loadings for planning new FSTPs
(Strande et al. 2021a). A combination of data-driven and mecha-
nistic models based on questionnaire data have demonstrated the
ability to predict TS in fecal sludge with the goal of improved city-
wide planning (Englund et al. 2020). In order for predictive mod-
els to reduce dependence on laboratory-based characterization of
fecal sludge, they must be accurate enough for routine monitor-
ing and/or process control at FSTPs. However, so far, no such mod-
els have been reported in the literature. In this study, we use a
large dataset that incorporates a combination of analytical field
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measurements, questionnaire data, and expert assessments to as-
sess the suitability of predictive models for optimizing fecal sludge
treatment.

The objective of this study was to investigate to what extent
predictive models using field measurements can be used as a proxy
for laboratory-based methods, based on a dataset of samples taken
from 421 onsite containments in Lusaka, Zambia. We present re-
sults of field and laboratory data collection, and the predictive per-
formance of the models, and discuss which models and field mea-
surements would be appropriate for characterizing and monitor-
ing fecal sludge in different scenarios including citywide planning,
routine FSTP operations, and real-time process control of treatment
technologies.

2. Materials and Methods
2.1. Sample collection

465 fecal sludge samples were collected in situ from 421 onsite
containments (septic tanks and pit latrines) throughout the city of
Lusaka, Zambia from September to December of 2019. Sampling
replicates were taken at 8% of containments. A sampling plan was
developed according to the method described in (Strande et al.,
2021a). Household sampling sites were selected based on a mod-
ified version of stratified random sampling (including equal pro-
portions of strata based on geological and demographic charac-
teristics) in the non-sewered part of the city using ArcMap soft-
ware (version 10.6). Non-household sampling sites (public toilets,
offices, schools, and malls) were selected throughout the city based
on local expert knowledge. Questionnaires were administered to
the owner, tenant, or person in charge of operating and main-
taining the system at each sampling site. Questionnaires included
questions about designation of containment type, toilet type, water
connection, and a number of other factors (questions available in
SI). Answers were recorded with the KoBo Toolbox mobile phone
app.

Because of the range of sludge consistencies present in Lusaka,
different sampling devices were used to sample from pit la-
trines and septic tanks. A conical metal pit sampler, adapted
from the design developed by James Tembo, presented in
(Koottatep et al. 2021), was used to sample pit latrines. A compos-
ite sample was produced using three 1 L samples collected from
the bottom (or the maximum reach of the sampler, 3 m), middle,
and top of the pit. After homogenizing the composite sample in a
bucket, a 0.9 L sample was taken for analysis. For septic tanks, a
3 m long core sampler adapted from the design from CDD Society,
presented in Kootatep et al. (2021), was used. A composite sample
was produced by emptying the contents of the core sampler into a
bucket, homogenizing the contents, and taking a 0.9 L sample for
analysis. Samples were transferred to a cooler for transport to the
laboratory, where they were stored at 4°C until analysis. Detailed
information about the sampling process, along with photographs
of the sampling devices is provided in Kootatep et al. (2021).

2.2. Sample analysis

2.2.1. Sample processing

Incoming samples were homogenized thoroughly by shak-
ing/stirring, and were divided into two portions - one to be
blended before physical-chemical characterization, and the other
to be analyzed for solid-liquid separation performance (avoiding
blending in this case, so as to not disrupt any flocs or structure
of the sludge which would influence settling and dewatering be-
havior).
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2.2.2. Physical-chemical characterization

Samples were homogenized in a blender (3 minutes, medium
setting). Foam height was measured immediately after blending
using a ruler held to the wall of the blender. pH, EC, TS and
volatile solids (VS) were analyzed according to the standard meth-
ods (APHA 2017). Density was measured by determining the mass
of 25 mL of sample. COD was measured using the closed reflux
titrimetric method (APHA 2017). Samples that could not be ana-
lyzed immediately were preserved by acidifying to pH < 2 using
H,S04. NH4*-N was measured using the phenate method, follow-
ing swirling with activated charcoal and filtration to remove fil-
trate color and residual turbidity (APHA 2017). Total organic car-
bon (TOCqs) and total Kjeldahl nitrogen (TKNjjqs) Were mea-
sured on the dried solids as indicators of the potential for re-
source recovery of the solids, e.g., as a feedstock for composting
(Al-Muyeed et al. 2017) or larvae production (Gold et al. 2020).
Blended sludge was dried in a 105°C oven for 48 hours and dried
solids were analyzed by an external laboratory (UNZA Department
of Soil Science). TOCyiqs Was measured using the Walkely-Black
procedure, with the endpoint determined by titrimetric method
(Sparks et al. 2020). TKN,qjiqs Was measured using standard meth-
ods (Cottenie et al. 1982). A certified reference material, ISE 952
clay was used as a quality control standard.

2.2.3. Qualitative assessment of odor and color

Odor was assessed during sample processing after stirring, be-
fore blending. Samples were allowed to reach room temperature, at
which point the lid of the sample container was removed, and the
laboratory technician used standard chemical wafting technique
(NRC 2010). Odors were classified into three categories: “fresh”
(smells like fresh excreta, urine, or feces), “stabilized” (smells like
compost, soil, or well biodegraded anaerobic digester sludge), or
“middle” (sample odor falls somewhere between these categories).
To keep the expert classifications as consistent as possible, the
same laboratory technician was responsible for all odor classifica-
tions. Color was grouped into three qualitative categories: “light
brown”, “black”, and “medium brown” (when sample falls some-
where between these categories). One laboratory assistant was re-
sponsible for all color classifications for consistency.

2.2.4. Solid-liquid separation performance

Supernatant turbidity was quantified as a metric of settling ef-
ficiency. Following centrifugation at 3,300 x g for 20 minutes, su-
pernatant was decanted and turbidity was measured using a Hach
2100N turbidity meter and reported in NTU, adapted from the
method described in (Mikkelsen and Keiding 2002). This was in-
tended to represent the maximum possible reduction in suspended
solids due to prolonged settling or mechanical solid-liquid sep-
aration. Capillary suction time (CST) was quantified as a metric
of filtration time. CST was measured using a Triton 319 Multi-
CST apparatus with 18 mm funnel, according to Method 2710 G
(APHA 2017), as adapted in (Velkushanova et al. 2021a). CST values
are reported in seconds, and have been standardized by subtract-
ing the CST of deionized water. TS in the dewatered sludge cake
was quantified as a metric of maximum solids content achievable
by dewatering, and was defined as the dry solids content in the
dewatered sludge cake after dewatering via centrifugation at 3,300
x g for 20 minutes (Gold et al. 2018). Supernatant was decanted
for turbidity measurement and centrifuge tubes were left standing
upside down on an absorbent cloth for 5 minutes to completely re-
move any free water before transferring solids out of the centrifuge
tube for TS characterization.

Samples were screened for consistency, and only liquid and
slurry samples (225 samples) were analyzed for solid-liquid sep-
aration performance, according to designations of sludge consis-
tency presented in (Velkushanova and Strande 2021).
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Fig. 1. Examples of setup for sludge color and texture quantification. The color
checker chart shown on the left side of the photographs was used to perform
standardized color correction. Color and texture information were extracted from
thumbnails of the samples isolated from the color corrected images. Left: Top petri
dish contains bulk sludge, bottom petri dish contains supernatant after centrifuga-
tion. Right: Petri dish contains bulk sludge.

2.2.5. Color and texture quantification

Color and texture measurements were taken by analyzing pho-
tographs of 10 mL aliquots of sludge. To our knowledge, this is
a novel method, developed as an alternative to the standard col-
orimetric/photometric method of color detection. It is intended to
be used as a field measurement. Shown in Fig. 1, 10 mL samples
of unblended sludge and supernatant after centrifugation (when
available) were poured into 10 mL petri dishes and placed on a
white background next to a color checker chart (Datacolor Spy-
dercheckr 24) (see Figures S1 and S2 in SI for additional pho-
tographs of the setup).

Samples were photographed in a designated location with con-
sistent LED lighting (3 x 6W LED lamps, 3000 K (warm white
color)) using a Panasonic DMC-TZ70 camera in JPEG format. JPEG
format was selected over RAW in order to enable the broader
application of color and texture assessment to photographs col-
lected with smartphone cameras in the future. Photographs were
post-processed for color correction using the color checker chart’s
standard RGB values and assuming CIE Standard Illuminant D65
(Schanda 2007). The color correction was performed using the
Python Colour library (Version 0.1.5) using the transformation pre-
sented in Cheung et al. (2004). Sludge and supernatant color
swatches were manually isolated from the color corrected pho-
tographs, and the average RGB color was calculated by taking the
independent averages of the R, G, and B values in the swatch. The
average sludge and supernatant color values were then converted
to hue, saturation, and value (HSV).

Texture analysis was performed using texture measures derived
from a Grey Level Co-occurrence Matrix (GLCM) with the Python
scikit-image library (version 0.17.2) (Van der Walt et al. 2014). Six
common texture measures were calculated for each photograph:
contrast, dissimilarity, homogeneity, correlation, angular second
momentum (ASM), and energy. The mathematical descriptions of
the texture measures are described in Haralick (1979) and Hall-
Beyer (2017). All code related to color correction and texture anal-
ysis is provided along with the open dataset for this paper (link in
SI).

2.2.6. QA/QC

According to QA/QC procedures, triplicate laboratory analyses
were made for every 10th measurement for COD, NH4"-N, and su-
pernatant turbidity, and every 5" measurement for TS, VS, and TS
in the dewatered cake. For TOCgg);qs and TKNggiqs, duplicate mea-
surements were made every 7" measurement. Every CST mea-
surement was replicated four times. Relative standard error on the
replicates was (mean, 90t percentile): COD (8%, 16%), NH,+-N (4%,
9%), TS (5%, 15%), VS (4%, 8%), TOCsjigs (8%, 13%), TKNgqjias (18%,
34%), CST (5%, 11%), turbidity (4%, 9%), and TS in the dewatered
cake (10%, 24%).
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Table 1
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Cost-efficient and simple field measurements that were evaluated as predictors for the more costly laboratory-based analytical methods presented

in Table 2.

Field measurements (model inputs)  Details
Questionnaire

containment type septic tank, pit latrine

Categorical, collected via questionnaire

toilet type wet flush, dry toilet

water connection on premises yes, no

source household, non-household

Expert assessments Categorical, collected by laboratory assistant
odor stabilized, middle, fresh

color (qualitative)
Simple analytical

black, medium brown, light brown
Continuous, collected by the following equipment (units):

EC probe (mS/cm)

pH probe

foam height ruler (mm)

color (quantitative) camera (hue, saturation, value)

texture
supernatant color

camera (contrast, dissimilarity, homogeneity, correlation, angular second moment (ASM), energy)
camera (hue, saturation, value)

Table 2
Laboratory-based measurements.

Laboratory-based measurements (target parameters)

Solid-liquid separation performance:
Supernatant turbidity following centrifugation
CST

TS in dewatered cake following centrifugation
Physical-chemical characteristics:

Complete sample

CcoD

NH4*-N

TS

VS

Dried solids

Tocsolids

TKNsolids

Details

Measure of settling efficiency (NTU)
Measure of filtration time (seconds)
Measure of maximum water removal (% dry solids)

(g/L)

(g/L)

(% dry solids)

(% of total solids)

(% of total solids)
(% of total solids)

2.3. Data interpretation

Median values within a category were considered to be signif-
icantly different from one another if the 95% confidence intervals
around the medians did not overlap (Chambers et al. 1983). Confi-
dence intervals (CI) were calculated using the formula

Cl = median +1.57 x IQ—R

Jn
Where IQR is the interquartile range and n is the number of
data points in the category (Chambers et al. 1983). Confidence in-
tervals around the median are represented as notches on boxplots
(Figures S3 and S4 in SI).

2.4. Predictive models

Cost-efficient and simple to execute field measurements were
evaluated in this study to determine whether they could be used
to predict more costly laboratory-based analytical measurements.
Field measurements evaluated as inputs to predictive models are
detailed in Table 1. Questionnaire data is categorical and quan-
titative. Expert assessments are categorical, qualitative, and were
assigned by trained laboratory technicians. Simple analytical mea-
surements are quantitative, continuous-valued measurements col-
lected using a probe, a ruler, or a camera. Although simple ana-
lytical measurements were performed in a laboratory as part of
this study, they are all able to be measured in the field without
laboratory equipment, and thus are labeled field measurements.
The laboratory-based measurements that are desired outputs of
the predictive models (target parameters) are outlined in Table 2.

Data analysis, modelling, and visualization was performed us-
ing Python 3 (Van Rossum and Drake 2009). Models were im-
plemented in scikit-learn (version 0.23.2) and statsmodels (ver-

sion 0.12.1) packages in Python 3. Models, along with the complete
dataset are available open source with this publication (link in SI).

Three types of models were evaluated in this study: i) a simple
decision tree model, ii) a linear regression model, and iii) a random
forest model. These models were chosen as they represent a range
of complexities and unique advantages and disadvantages. Simple
decision tree models are based on the decision tree presented in
Strande et al. (2021a), which uses the median value of the target
parameter in a category (e.g. median TS in septic tanks) to pre-
dict future values in that category. Simple decision tree models are
reflective of the way that operational decisions may currently be
made at treatment plants (Cofie et al. 2006, Ward et al. 2021).
They have the advantage of easy interpretation and visualization,
but predictive capabilities are often poor. Linear regression models
can also be easily interpreted, and are good descriptions of sys-
tems with linear behavior. In contrast, random forest models are a
widely applied black-box machine learning algorithm that can deal
with non-linearities and interactions, but cannot be interpreted di-
rectly (Hastie et al. 2009). A thorough description of the specifics
for each model type is provided in the SI.

Model evaluation took part in two steps: a) the identification
of relevant field measurement inputs for predicting each target
laboratory-based measurement using a reduced dataset, and b) the
final assessment of the performance of the three model types for
each target, using expanded datasets.

Model inputs were evaluated using a reduced dataset (n = 244)
comprising all inputs included in Table 1, with samples with miss-
ing input data removed. Supernatant color was included as an in-
put for models predicting solid-liquid separation performance, but
not for models predicting physical-chemical characteristics, as su-
pernatant color data was collected only for the subset of sam-
ples that were evaluated for solid-liquid separation performance.



BJ. Ward, N. Andriessen, .M. Tembo et al. Water Research 196 (2021) 116997

For each target parameter, models were generated for every pos-

sible combination of maximal four inputs, and the performance of i’ MmO — one oo w
. . 2 ‘5 ©ANO TR0 n—=<x<L NN
each model was evaluated using cross-validated R* and root mean 8 SSS8o o — SSSo o~
squared error (RMSE) (5-fold cross validation, repeated 20 times).
The input combination with the highest cross-validated R? was -
considered the best. Preference was given to models with fewer 2 eERL8y EABESR I g g
inputs, so if inputs could be removed from the model without a g eceeeer eceeeer
relevant decrease in R? (at two decimal places), those inputs were
not included in the best model. Relative importance of inputs was
luated b ing the R2 of models built with and with 2| 888838 N2e=’8
evaluated by comparing the R* of models built with and without 2 232930 Rl e o
the input. The relative strengths of the inputs included in the best °
. . . - (2]
models were evaluated by comparing the R? of single-input mod- 2 S
els. The input with the largest R? was labeled the ‘strongest pre- Qe noenon SCRNggw =
dictor’ if the R% of that model was at least 75% of the RZ of the E SS3337 SS8337= 5
best multi-input model. Supporting predictors were defined as in- §
puts that are included in the best model and increase the model S
R.2 when inFludgd as quel inputs along with the strongestl pre- y g ToRgen cnacgw §
dictor. Detailed information about model performance and input E] a Soeo g = NI B R B =1 N
. . . I o
importance are included in the SI (Tables S3-S9). z ;
Input selection was also dictated by model type. The simple de- 2 g
cision tree model (as defined in Strande et al. (2021a)) was de- £ o D1~ ~ mMoO©oXw S
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expert assessments, and simple analytical measurements), except g > E2RRBRX BL2BRRE 2
. . . . (=} =
the texture parameters dissimilarity and ASM. These were removed o < N
. . . . . - o =S
after pre-screening for collinearity with other inputs (Pearson coef- s = £
ficient > 0.85), as they were strongly correlated with other texture g glw DN~ Q BEIESE ':3
parameters. The random forest model was evaluated for all inputs. g £ =
After the relevant inputs for predicting each target had been L 3 S
identified, final model performance was determined for each tar- g = IIR28 TN XL =
get. The dataset for the final evaluation included only the relevant 2 s
inputs that were used in the best models (of each model type) for g S
predicting a specific target, in order to maximize the number of S > SRR22 § So8v8 § 2
data points used to train and evaluate each model. This allows the ) =
performance of the three model types in predicting a specific tar- E &
get to be compared. Cross.-validated R? and RMSE were used in the 5 Slw x2q3a8 228388 -
final performance evaluation. 5 ° g
© 2
g £
3. Results & Discussion T—J | R2e288 202233 %:
= N
Data collected with cost-efficient and simple to execute field Z §
measurements were used to develop predictive models of the more & 2 o
. ~ ol o1 - _ i o E]
expensive, laborgtory l?ased analysw (i.e. physical c.hemlcal charac = T g 2288 8a 28885 o
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in Lusaka (Tembo 2019, Tembo et al. 2019), Kampala, Uganda
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(Englund et al. 2020, Gold et al. 2018, Semiyaga et al. 2017), Dakar,

o~ Senegal (Gold et al. 2016, Ward et al. 2019), Dar es Salaam, Tanza-
=%
zé‘; yagEeq nogT ey nia (Ward et al. 2019), Durban, South Africa (Radford et al. 2015),
e - - Ouagadougou, Burkina Faso (Bassan et al. 2013), Accra, Ghana
(Heinss et al. 1999), Bangkok, Thailand (Heinss et al. 1999),
Manila, Philippines (Heinss et al. 1999), and Hanoi, Vietnam
£2 (Englund et al. 2020, Gold et al. 2018). The complete dataset for
S=| 3 S ; i = § 3 priei - § this study is available open source with this publication: https:
e //doi.org/10.25678/00037X .
As a first step in developing the predictive models, correla-
tions and trends within the data were investigated. Values for EC,
i = S foam height, color (saturation), supernatant color (saturation), tex-
" 20 . N8 w o 2 :‘2 Taemam & Er = ture (contrast, dissimilarity, homogeneity, ASM, energy, and corre-
> g BERSTEZ 57 BERIBE ] @|s lation), supernatant turbidity, CST, COD, NH4*-N, TS, and TOCq;4s
= RN Qn a; were significantly different for pit latrine and septic tank sludge,
¥ & whereas pH, TKNiqs, and TS in the dewatered cake were not sig-
S nificantly different (based on 95% confidence intervals around the
- i g medians).
- 33 23 |3 Dependencies between questionnaire categories of containment
% § ©»ezex g E, e 3 o & ® b @ 5| % type, toilet type, water connection, and source exist. Illustrated in
é" =~ ;g - QT | S Fig. 2, there is a dependency between containment type (i.e. pit
S S e . latrine or septic tank) and toilet type (i.e. dry or wet), as water
g A is used to convey excreta from toilets to septic tanks, whereas
é < water is not required for conveyance to pit latrines. In a similar
5 . 2% =< |2 fashion, sites that had water connections were also more likely to
£ ;‘ i'\: il el § 3 g emach § ﬁl ;. E have septic tanks. 55% of households had pit latrines and 45% sep-
g z~ 23 T2 s tic tanks, whereas non-household establishments had a majority
I c° ;0 of septic tanks (80%). It was surprising that 2.5% of septic tanks
s = were associated with dry toilets, and 12% with no water connec-
= - - S tion. This calls into question what people actually mean when they
° S m 3 ;; = report ‘septic tank’ and brings attention to the apparent dispar-
41 ~ ERRY, -~ SN | = . i .
o0 8 SHET anz2a8 2 @ N 2 SNg® SN © ity between common assumed definitions of septic tanks and how
Il Ne)} — — T . . .
I “ moane 3 e =T % % 2 they are actually defined in the field. In the future, instead of septic
i ~ =0 |3 tank and pit latrine, descriptors of the actual containment technol-
2 = ogy (for example: lined, unlined, baffled, presence of overflow) are
g § likely to provide more accurate and globally comparable descrip-
g g < tions (Johnston and Slaymaker 2020).
8 - = ] Questionnaire results for categories of containment type, toi-
g § T mnwmgon %% ocwoa «® o §o é 8 let type, water connection, and source were related to laboratory-
E S| RAINEY I3 ReERony S|=2 based measurements. Pit latrines, dry toilets, and sites with no
U — — -~ . . . . .
v © 2 & water connection yielded correspondingly less diluted sludge (sig-
g = S nificantly higher median COD, NH,*-N, and TS) with poorer set-
.g a N tling and filtration performance (higher supernatant turbidity and
g ; CST). Septic tanks, wet toilets (either pour-flush or cistern flush),
5 B = and sites with a water connection yielded correspondingly more
= o I diluted sludge (significantly lower median COD, NH4"-N, and TS)
B =~ WV amIA B NRIYT, &S . . .
< ne 2T mCR B RRERQY T |2 with better settling and filtration performance (lower supernatant
7| g 2 = turbidity and CST). Because of the strong correlations between con-
~ =1 — -
R § tainment type and toilet type, only containment type is further
S| g = included as a potential model input. Sludge from households was
g8l 5 less diluted (higher median COD, NH4*-N, and TS), and had poorer
B 5 E E settling and filtration performance (higher supernatant turbidity
§ |5 E and CST) compared with sludge from non-household sources (Fig-
2|%lg § 2RE82%R 2888 Se i ures S2 and S3). These results contrast with observations in ear-
o g 5= - S lier studies in Dakar and Dar es Salaam, where sludge from public
R g = toilets (non-household) had poorer settling and dewatering perfor-
o]
S| 31a g mance than sludge from households (Ward et al. 2019), but agree
b § with observations in Kampala that there was a difference between
3 = physical-chemical properties (COD, TS) of sludge from household
z .- R e and non-household sources (Strande et al. 2018). This suggests that
=1 ©w v g ©w v g
g ] = 5 sS4 = 5 3| source (i.e. household or non-household) may sometimes be a use-
=] =] . . . . . . .
s E = E S E = E S E ful predictor of sludge characteristics, but the predictive relation-
<3 °_ 5 sge=. § sgg|2 ships are different in different cities.
P E gy E % §22g gy E % §22(8 The expert assessment categories of color and odor show de-
23 wELEARSSSEEREVEANEEEE g pendencies with each other, and with questionnaire categories. 98%

of ‘fresh’ smelling samples were light or medium brown, while 74%
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Fig. 2. a) Distribution of pit latrines and septic tanks connected to dry and wet toilets, b) distribution of pit latrines and septic tanks at locations with and without onsite
water connections, and c) distribution of pit latrines and septic tanks at households and non-household sites.

of ‘stabilized’ smelling samples were black (see Fig. S5). The major-
ity of pit latrine sludge had a ‘fresh’ or ‘middle’ odor (79%) and was
medium or light brown (74%), while the majority of septic tank
sludge had a ‘stabilized’ odor (75%) and was black (74%) (see Fig.
S6).

The expert assessment categories color and odor were asso-
ciated with laboratory-based measurements. There were signifi-
cant differences in the median supernatant turbidity, CST, NH4"-N,
TS, COD, VS, and TOCy,);qs between ‘fresh’/light brown and ‘stabi-
lized’/black samples (Figures S2 and S3). Interestingly, our results
support common practitioner wisdom that has, to our knowledge,
not been quantified in the literature: fecal sludge with higher or-
ganic matter content (COD, TOC, VS) was associated by odor and
color as “fresh” sludge, whereas sludge labeled “stabilized” had
correspondingly significantly lower organic matter. ‘Fresh’ sludge
also took significantly longer to dewater and had poorer settling
performance. This corroborates practitioner observations from the
field that fresh sludge dewaters and settles more poorly than
more stabilized sludge (Cofie et al. 2006, Heinss et al. 1999,
Ward et al. 2019). This finding is interesting, because it offers in-
sight into the transformation of organic matter in sludge as it sta-
bilizes. The specific shift from the “fresh” feces odor to the more
stabilized “barnyard” or “manure” odor during stabilization is a re-
sult of bacterial metabolism of organic acids, which produce the
smells associated with fresh feces, leaving behind phenolic and
sulfur-containing compounds, which are associated with the odor
of stabilized feces (Lin et al. 2013, Starkenmann 2017). These re-
sults can direct future research into the transformation of organic
matter in the sludge during stabilization and its effect on funda-
mental mechanisms controlling dewatering.

Relationships to simple analytical measurements are discussed
in detail in Section 3.2.2.

3.2. Comparison of model input combinations and performance

The collected data were evaluated to see if field measurements
(Table 1) could be used to predict laboratory-based measurements
(Table 2). A range of field measurements were evaluated as inputs
in the predictive models, including questionnaire data such as con-
tainment type (i.e. pit latrine or septic tank), source (i.e. household
or non-household)), expert assessments such as odor and color
(qualitative), and simple analytical measurements such as EC, pH,
foam height, color (quantitative), texture, and supernatant color.
Table 5 summarizes the combinations of field measurements that
were selected as relevant inputs in every model type for each tar-
get parameter.

The strongest predictor for each model is shown in black,
and supporting predictors, which increase the model performance
when included as model inputs, are shown in grey. Model inputs
included in poorly performing models (R* < 0.2) are shown in light

grey. The model performance metrics on the right of the figure
are cross-validated R? and RMSE for models using the highlighted
field measurements as inputs. Since simple decision tree models
are based on single inputs, the input associated with the highest
performing model for each target was designated as the strongest
predictor. Tables showing model prediction accuracy and error de-
pending on the inclusion of different predictors are included in the
SI (Tables S3-S9).

3.2.1. Model performance

As seen in Table 5, in predicting a given target, simple deci-
sion tree models did not perform as well, while linear regression
models and random forest models generally improved model fit
and reduced error. Decision tree models were able to account for
21-51% of the variance in supernatant turbidity, CST, NH4*-N, and
TS. Linear models improved on the predictions made by decision
tree models for supernatant turbidity, CST, NH4"-N, TS, and COD,
with 195%, 38%, 178%, 29%, and 112% increases in model fit (R?)
and 32%, 15%, 10%, 17%, and 22% reductions in prediction error
(RMSE) respectively. Random forest models improved on the pre-
dictions made by decision tree models for supernatant turbidity,
CST, NH4*-N, TS, and COD, with 214%, 73%, 200%, 27%, and 112%
increases in model fit (R%), respectively, and 36%, 30%, 11%, 17%,
and 22% reductions in prediction error (RMSE), respectively. Ran-
dom forest models outperformed linear models only in predicting
the solid-liquid separation performance metrics supernatant tur-
bidity and CST. Random forest models improved on the predictions
made by linear models for supernatant turbidity and CST with 6%
and 25% increases in R and 5% and 18% reductions in RMSE, re-
spectively. It was unexpected that random forest models did not
provide higher accuracy predictions than linear models for most
parameters, as random forest models are able to capture nonlin-
ear interactions between predictors (Hastie et al. 2009), and non-
linear relationships have been observed in models of nutrients in
wastewater effluent (Castrillo and Garcia 2020). It is possible that
given access to a larger training dataset, random forest model per-
formance could exceed that of linear models.

Something to consider when selecting a predictive model is the
trade-off between increased predictive power and interpretability
of the model. Simple decision tree models and linear regression
models tend to be less flexible and provide less robust predictions
for complex nonlinear datasets, but it is relatively easy to under-
stand the relationships between a field measurement and the tar-
get parameter. In contrast, nonlinear methods such as random for-
est models are more flexible and may produce better predictions,
but at the expense of model interpretability (Hastie et al. 2009).
In cases where linear models and random forest models provide
comparable predictions, linear models may be preferred for their
relative simplicity. In cases where data will be collected routinely,
and a dataset will continue to grow in size and complexity, random



BJ. Ward, N. Andriessen, J.M. Tembo et al.

Table 5

Water Research 196 (2021) 116997

Field measurements identified as relevant model inputs to predict laboratory-based measurements, and corresponding R? and RMSE of models run with selected inputs.
Strongest predictors (accounting for at least 75% of R?) shown in black, supporting predictors shown in grey, inputs to poorly performing models (R?<0.2) shown in light
grey, inputs not used in model shown in white, and inputs not evaluated shown with grey dots. Model performance metrics, R and RMSE for each target parameter by type

of model are displayed on the right.

Field measurements (model inputs)

strongest predictor (accounts for at least 75% of R?)
supporting predictor

Questionnaire
+ expert assessments

Simple analytical
measurements

input to a poorly performing model (R? < 0.2) GQQ o0
not a predictor & &
*:|not evaluated & °o°
Q )
& é&« &
< N P RMSE
g Supernatant decision tree - 280 NTU
_ = perna linear 190 NTU
7 © o turbidity
a g o random forest 180 NTU
T 98 decision tree 200 s
E ] % CST linear 170 s
S =162 random forest 140 s
=0
Q % o TS in decision tree 13 %ds
@ = dewatered linear 12 %ds
> n cake random forest 12 %ds
g decision tree 62 g/L
7 cob linear 56 g/l
hd
[ random forest 55 g/l
qu decision tree 1.29/L
g NH4-N linear 1.0g/L
a _ random forest 1.0g/L
g _S @ decision tree 7.7 %ds
g Es TS linear 6.0 %ds
ko] ﬁ 'QC, random forest 6.0 %ds
e = o decision tree 17 % of TS
S 5 Vs linear 17 % of TS
é 2% random forest 17 % of TS
) o decision tree 2.8%of TS
b
g TOC so1ics linear 2.6 %of TS
g random forest 2.6% of TS
© decision tree 1.2 % of TS
~ TKNgoiigs linear 1.2 % of TS
random forest 1.2 % of TS

forest models may be preferred for their ability to extract nonlin-
ear relationships from larger datasets.

3.2.2. Suitability of field predictors

Although questionnaire data and expert assessments were use-
ful inputs for the decision tree models, they were only incremen-
tally helpful to include in the linear and random forest models.
Containment type was the strongest predictor for decision tree
models, explaining 21-51% of the variance in supernatant turbid-
ity, CST, NH4™-N, and TS. For all linear and random forest regres-
sion models with R? higher than 0.5, a single field measurement
(the strongest predictor) was responsible for at least 75% of the
prediction accuracy (black in Table 5). Although the inclusion of
questionnaire data (containment type and source) did contribute
to increased fit for some linear and random forest models, the
simple analytical parameters were always the strongest predictors
for these types of models. This indicates that the predictive de-
tail represented by the separation into septic tank and pit latrine
or household and non-household is largely captured by the differ-
ences in the physical-chemical compositions of sludge from sep-
tic tanks and pit latrines or household and non-household sources.
The simple analytical field measurements may be better model in-
puts than questionnaire data or expert assessments because they
are continuous instead of categorical and are thus able to provide
higher resolution information.

Supernatant turbidity and CST were predicted primarily by su-
pernatant color. Supernatant color contributed 86% and 87% of the
linear and random forest model fits, respectively, in predictions of
supernatant turbidity, and 75% and 90% of linear and random for-
est model fits, respectively, for predictions of CST. Including texture
as an input further improved random forest model predictions of
both supernatant turbidity and CST. Our results support and quan-
tify previous observations of a relationship between qualitatively
measured supernatant color and settling and filtration performance
in fecal sludge from Dakar and Dar es Salaam (Ward et al. 2019).
This relationship is hypothesized to be a result of high concen-
trations of suspended and soluble organic matter, which also con-
tribute to high supernatant turbidity and filter clogging during de-
watering (Ward et al. 2019). Field measurements can be selected
to suit available technical and financial resources. Although super-
natant color was the strongest predictor of supernatant turbidity
and CST, it may not be an ideal field predictor in every case, as it
requires settling prior to measurement. However, settling tests are
also simple analytical tests that can be performed in the field with
low-cost equipment in less than an hour (e.g. Imhoff cones or set-
tling columns) (Junglen et al. 2020). It is not surprising that super-
natant turbidity is strongly related to supernatant color. Now that
this relationship has been quantified for fecal sludge in Lusaka, it
seems promising for estimations of effluent turbidity using color in
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photographs as a proxy, and could replace turbidity measurements
where spectrophotometers are not available.

NH4*-N was predicted primarily by EC, which contributed 91%
and 82% of the linear and random forest model fits, respectively.
(The linear model is simple: EC (mS/cm) * 0.2 = NH4"-N (g/L),
see Fig. S7). The inclusion of texture and pH in the models further
improved predictions. There is precedent in the literature for the
use of EC as a predictor of ammonia in manure and fecal sludge.
Onsite measurement of EC has been suggested as a good proxy
for predicting nutrient concentrations, including ammonia nitrogen
(R?2 = 0.91) in swine manure (Suresh et al. 2009). For fecal sludge
from pit latrines and septic tanks in Uganda, Vietnam, and Japan,
Gold et al. (2018) observed a linear correlation (R? = 0.6) between
NH4"-N and EC. Based on these results, onsite measurement of EC
using a conductivity probe is a promising option for cheaper and
less resource-intensive monitoring of NH4*-N.

TS was predicted primarily by texture, which contributed 81%
and 86% of the linear and random forest model fits, respectively.
The inclusion of color (quantitative) further improved both model
types, and including containment type additionally improved lin-
ear model predictions. These results make sense based on scientific
knowledge that sludge surfaces gain texture as they dry, changing
from a smooth liquid to a lumpy slurry, to a rough semi-solid or
solid. The physical transformation of sludge as it dries following
dewatering has been well characterized for sediment sludges on
drying beds, and TS has been shown to be predictable to a high
level of accuracy (R? > 0.92) using machine learning based on tex-
ture analysis (Bodun et al. 2000). Our results indicate that using
texture measurements extracted from photographs for prediction
of TS could be useful in eliminating the time- and equipment-
intensive laboratory analysis of TS for fecal sludge.

The target parameters VS, TOCqgjigs, TKNsqjigs, and TS in the de-
watered cake were not able to be predicted using any of the mod-
els. These parameters, along with COD (for which models were
only able to account for ~25% of the variation in the data), are
all associated with the sludge organic matter. It appears that the
field parameters evaluated in this study are not sufficient to fully
characterize and predict the organic components in fecal sludge.
This is consistent with our previous observations that it was dif-
ficult to predict variation in dewatered cake solids and VS in fe-
cal sludge from Dakar and Dar es Salaam (Ward et al. 2019). This
was hypothesized to be partly due to the influence of soil and
solid waste on measured VS and sludge dewatering behavior. A
rapid field measurement to predict silica content as a proxy for
soil could be a possible solution. (Miller et al. 2012) proposed
the use of field portable infrared spectrometers to predict silica
content in coal dust. Another possibility could be monitoring or-
ganic matter composition using in situ fluorescent sensors. This
has been demonstrated in the field, where COD and soluble COD in
the effluent of decentralized wastewater treatment systems were
able to be monitored using fluorescence as a proxy measurement
(Mladenov et al. 2018). Fluorescent sensing may also be able to
provide better predictions of the composition and transformation
of organic matter in sludge during stabilization; fluorescent peaks
have been associated with the concentrations of high molecu-
lar weight humic substances and other organic matter, and thus
may be a promising method for monitoring level of stabilization
(Mladenov et al. 2018, Yao et al. 2016). Further fundamental under-
standing of the mechanisms controlling fecal sludge stabilization
and dewatering will likely be instructional in identifying possible
field predictors.

Models can also be adapted to incorporate new field measure-
ments, especially in cases when practitioners have identified them
to be operationally relevant. For example, we found that including
density as an input can significantly improve the prediction accu-
racy of the TS model (random forest model prediction improves
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to RZ = 0.70, RMSE = 4.8 %ds). For practitioners who have access
to a penetrometer for field density measurements as described in
Radford and Sugden (2014), this could be a valuable field predictor
to incorporate.

3.3. Implications for the field

In this study, we evaluated three types of models with increas-
ing levels of complexity. The selection of the best model for dif-
ferent applications will depend on the required level of accuracy
and on the available resources. Here, we explore where and how
each model type could be relevant, considering several situations
where predictive models could be useful for characterization and
monitoring, as summarized in Fig. 3.

Scenario 1: Community to citywide planning

Information provided by simple decision tree models may be
adequate for the level of detail required for community to city-
wide planning. Incorporating questionnaire data such as contain-
ment type into simple decision tree models can already provide a
moderate amount of information about sludge characteristics and
solid-liquid separation performance. Siting decisions and designs
for new FSTPs are often based on citywide averages of loadings
and volumes (Klinger et al. 2019), but it has recently been sug-
gested that incorporating decision tree models to estimate quanti-
ties and qualities of fecal sludge accumulating on a neighborhood
level would greatly improve projections of loadings for planning
of FSTPs, transfer stations, and regularly scheduled empting pro-
grams (Strande et al. 2021a). Our study confirms that such an ap-
proach would provide an improvement over citywide averages: a
simple decision tree model based on containment type accounts
for 26% of the variance in TS. Because this application does not re-
quire a high-resolution prediction, decision tree models providing
low-accuracy predictions (R? of 0.26 for TS) maybe be adequate, as
they are easy to understand conceptually and are in many cases
based on information that city planners might already have access
to. This can include information collected in a shit flow diagram
(SFD), for example, prevalence of pit latrines and septic tanks by
neighborhood, location of water taps, or data on housing density
or residential/commercial land use (Peal et al. 2020).

Scenario 2: Periodic process control of fecal sludge treatment
technologies

Operating a fecal sludge treatment plant requires more refined
predictions than citywide planning. Combining cost-efficient and
simple field measurements with linear or machine learning models
contributes a further improvement in prediction accuracy, provid-
ing moderate-accuracy predictions of TS, NH4-N, and settling and
filtration performance (R? of 0.51-0.66). Operators routinely make
decisions about how much sludge to load on drying beds, and
when to remove dewatered/dried sludge. Improvements in con-
sistency of solids loading and shorter, more consistent residence
times could substantially increase treatment plant capacity and
performance (Klinger et al. 2019, Seck et al. 2015). Currently, the
drying beds at most FSTPs are operated at constant hydraulic load-
ings and residence times, with no monitoring of influent sludge
characteristics (Klinger et al. 2019). As a result of not being able
to monitor influent sludge, common operational problems due to
the variability in influent TS arise. These problems include over-
loaded drying beds clogging and dewatering too slowly, and un-
derloaded beds wasting space and decreasing treatment capacity
(Klinger et al. 2019). Being able to adjust the loading of drying beds
based on TS concentrations and dewatering time, together with
monitoring of TS on the drying beds, would increase treatment
performance and treatment plant capacity. This could be done by
incorporation of linear or machine learning models into a smart-
phone app, so that pictures taken with the smartphone would pro-
vide estimates of TS concentrations and dewatering time. A more
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Scenario 1 Scenario 2 Scenario 3
Citywide Periodic Real-time continuous
planning process control process control

4 N
Questionaire data Photos and probe readings

I I I
4 N

Decision tree models Linear or machine learning models
I I I
Low-accuracy predictions 4 Moderate-accuracy predictions h

TS, NH4*-N, settling and TS, NHA*-N, settling and

filtration performance

v

filtration performance
Sufficient Has potential

Poor predictions of characteristics of organic fraction

(COD, VS, TOC

solids’

TKN

sol

10 dewatered solids)

Needs further research

Needs further research

Needs further research

Fig. 3. This flowchart summarizes three types of planning and operation scenarios where cost efficient and simple field measurements and models could be employed.
Appropriate inputs and model types for each scenario are shown as white boxes, and prediction accuracies of different outputs are shown as pink boxes. The tabs at the
base of each pink box indicate whether the prediction accuracy is likely to be sufficient, has potential with further data collection, or requires additional research prior to

implementation.

simple application could be employed with printed cards with ex-
ample colors and textures for comparison and decision-making
(von Sperling et al. 2020a).

Scenario 3: Real-time continuous process control of fecal sludge
treatment technologies

The capacity to make rapid predictions based on photos
and probe measurements could be a serious game-changer
for processes requiring real-time monitoring. Online conditioner
dosing for advanced settling and dewatering is one example
(Ward et al. 2021). The current state of the art in FSM is to ad-
just polymer dosing flowrates based on containment type: pit la-
trine sludge is dosed at a higher flowrate than septic tank sludge
to account for the differences in average TS of sludge in each cat-
egory (Ward et al. 2021). This method provides insufficient reso-
lution for predictions, and it is very difficult to avoid over- and
under-dosing conditioner due to the high variability in sludge char-
acteristics. In this case, a smartphone app with photo and probe
inputs (obtained at the treatment facility) could be used to moni-
tor TS. If the TS value of the influent sludge is 2% ds, the random
forest model should predict within a range of 0.7 - 3.3 % ds. This
may be sufficiently high resolution, depending on the propensity of
the selected conditioner to overdosing. For example, using a 2000
L mixing tank at a transfer station (Rhodes-Dicker et al. 2020) and
a target polymer conditioner dose of 2 mL/g TS, an actual dose
between 0.7 and 3.3 mL/g TS could be achieved (see SI for cal-
culation). This is comparable to the observed optimal dosing win-
dow for the conditioner (1-3 mL/g TS). These models are a proof of
concept; they will also need to be refined depending on the tech-
nology and validated prior to use in other cities. Currently, there
is a significant lack of information on fecal sludge characteriza-
tion to drive the development of predictive models. The develop-
ment of a global database of fecal sludge field measurements up-
loaded together with laboratory results using standardized meth-
ods (Velkushanova et al. 2021b) will allow for the continuous im-
provement of models and global applications of these predictions.
Such an approach has significant potential to provide reliable char-
acterization data and enable real-time monitoring and process con-
trol for fecal sludge treatment in cities all over the world.

10

. Conclusions

Based on the findings in this study, the key conclusions are:

Cost-efficient and simple field measurements from photos
(color, texture) and probes (EC, pH) can be used as predictors
of fecal sludge characteristics and solid-liquid separation per-
formance (TS, NH4"-N, settling efficiency, and filtration time)
when combined with linear regression and machine learning
models.

Containment type is a good predictor of fecal sludge charac-
teristics and solid-liquid separation performance (TS, NH4"-N,
settling efficiency and filtration time) and can be especially
helpful for making low-resolution predictions when combined
with simple decision tree models, e.g. for projecting loadings
for FSTP design.

Laboratory-based measurements associated with the organic
matter in the sludge solids (COD, VS, TOCyjiqs, TKNggjigs, TS in
the dewatered cake) could not be predicted using the methods
we evaluated. A better understanding of the organic matter in
fecal sludge and how it relates to solid-liquid separation perfor-
mance is needed to identify good predictors.

Based on this proof of concept, which indicates that predictions
of characteristics using photographs and probe measurements
are possible, focus should be placed on validating this approach
in other cities. The collection of worldwide datasets would al-
low for global implementation and continuously improving ma-
chine learning models. Our ongoing research includes develop-
ment of an app for field practitioners that can predict fecal
sludge characteristics based on pictures taken with a smart-
phone.
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