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9 Abstract: We examine how passive and active observations are useful to evaluate an air quality
10 analysis. By leaving out observations from the analysis, we form passive observations, and the
11 observations used in the analysis are called active observations. We evaluated the surface air quality
12 analysis of Os and PM2s5 against passive and active observations using standard model verification
13 metrics such as bias, fractional bias, fraction of correct within a factor 2, correlation and variance. The
14 results show that verification of analyses against active observations always give an overestimation of
15 the correlation and variance. Evaluation against passive or any independent observations display a
16 minimum variance and maximum correlation as we vary the observation weight, thus providing a
17 mean to obtain the optimal observation weight. For the time and dates considered, the correlation

18 between (independent) observations and the model is 0.55 for Os and 0.3 for PM2s and for the analysis,
19 with optimal observation weight, increases to 0.74 for Os and 0.54 for PM25. We show that bias can be

20 a misleading measure of evaluation and recommend the use of a fractional bias such as the modified
21 normalized mean bias (MNMB). An evaluation of the model bias and variance as a function of model
22 values also show a clear linear dependence with the model values for both Os and PMozs.

23 Keywords: chemical data assimilation; air quality model diagnostics; cross-validation

24

25 1. Introduction

26 Since 2003, Environment and Climate Change Canada (ECCC) has been producing hourly surface
27  analyses of pollutants covering North America [1, 2] which became operational products in February
28 2013 [3]. The analyses are produced using an optimum interpolation scheme that combines the
29  operational air quality forecast model GEM-MACH output [4] (CHRONOS model output was used prior
30 to 2010 [5]) with real-time hourly observations of Os, PMz5, PMio, NOz, and SOz from the AirNow gateway
31  with additional observations from Canada. As those surface analyses are not used to initialize an air
32  quality model, it raises the issue on how to evaluate them. We conduct routine evaluations using the
33 same set of observations as those used to produce the analysis. Once in a while, when there is a change
34 in the system, a more thorough evaluation is conducted where we leave out a certain fraction of the
35  observations and use them as independent observations, a process known as cross-validation.
36  Observations used in producing the analysis are called active observations while those not used for
37  evaluation are passive observations. The purpose of this two-parts paper is to examine the relative merit
38  of using active or passive observations (or independent observations in general) viewed from different
39 evaluation metrics, but also to develop, in Part I, a mathematical framework to estimate the analysis
40  error, and in doing so, to improve the analysis.

41 The evaluation of an analysis is important, even in the case where it is used to initialize an air quality
42 forecast model, since the evaluation of the resulting air quality forecast may not be a good measure of
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43  the quality of the analysis. In air quality forecasting, the forecast error growth is small, depicts little
44 sensitivity to initial conditions and is in fact more sensitive to numerous modeling errors such as:
45 photochemistry, clouds, meteorology, boundary conditions and emissions just to name a few [6,7,8,
46  9,10]. Furthermore, chemical species that are observed are incomplete compared to species needed to
47  initialize an air quality model; incomplete in terms of the number of species observed as well as in their
48  kind [ 6, 8,10, 11]. Only a fraction of the observed species (either of secondary or primary pollutants) are
49  usable for data assimilation, important chemical mechanisms are left completely unobserved and for
50 aerosols, information on size distribution is quite limited and almost inexistent when it comes to
91  speciation [6,10]. Also, the observational coverage is limited to the surface or to total column
52  measurements which, up until now, were available at one or two local times per day. There are thus
53  many assumptions to be made from an analysis to a proper 3D initial chemical condition and surface
94 emission correction and its subsequent impact on the air quality forecast. These considerations warrant
55  anindependent evaluation of the quality of the analysis on its own [12].

56 Evaluating an analysis with observations is quite different from evaluating a model with
57  observations, since analyses are created from observations. From a statistical point of view, the
58  observation and analysis cannot be considered independent. However, if we assume that observation
59  errors are spatially uncorrelated. Then, since the passive and active observation sites are never
60 collocated, then the errors from passive observations are uncorrelated with errors of active observations;
61  observations that are used for the analysis. And since the modelling errors is usually assumed to be
62 uncorrelated with observation errors, then it is also uncorrelated with the analysis errors. Cross-
63  validation thus offers a mean to evaluate analyses with statistically independent (passive) observations
64 [13].

65 In this paper, Part I, we evaluate the relative merit of passive and active observations in the
66  evaluation of analyses using standard metrics used for model evaluation. We show how and when the
67  use of active observations can be misleading and that passive observations can provide a mean to identify
68  optimal analyses. Our examples show that optimal analyses, at the independent observation sites, have
69  much smaller biases than the model biases and increase the correlation coefficient by nearly a factor 2.
70 The paper is thus organized as follows. First we present the analysis scheme we will be using, as
71 well as the cross-validation design, the evaluation metrics and the configuration of the experiments.
72 Then in §3, we assess the quality of the analyses in both active and passive observation spaces using
73  standard air quality evaluation metrics, identify some pitfalls of some metrics and advocate using active
74 observations. Conclusions are presented in §4.

75 2. Experimental design

76 2.1. Design of the objective analysis solver

77 In optimum interpolation there is no use of an explicit interpolation observation operator. The
78  correlation between a pair of locations, either from two observations sites or from an observation site to
79  amodel grid point, is computed as a function of distance using a prescribed correlation function. The
80  observation operator is in effect a delta function applied over a continuous spatial domain [14].

81 In this study we interpolate the gridded analysis field to observations locations, using bilinear
82  interpolation, to compute residuals such as observation-minus-analysis. Thus there can be a
83 discrepancy between the observation operator used to generate the analysis, i.e. delta functions, and the
84  observation operator used to interpolate the analysis field at the observation location, i.e. bilinear
85  interpolation. To eliminate this discrepancy in observation operators we have revised the optimum
86  interpolation scheme to use explicitly the same bilinear interpolation in handling the error covariance.
87  We will give details below.
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88 As in the operational optimum interpolation, the inversion of the innovation covariance matrix for
89  theanalysis solver is done using Choleski decomposition on the full matrix. The number of observations
90  tobe processed per analysis being of the order of a thousand or less, there was no need for computational
91  simplification for large number of observations by using either data selection [15] or compact support
92  correlation functions [14, 16]. Thus, the analysis scheme used in this study computes explicitly the gain
93  matrix K as,

94 K=BH" (HBHT +R) %, 1)

95  where H isabilinear interpolation operator, B isthe prescribed background error covariance and R

96  is the prescribed observation error covariance. The tilde ( 7 ) emphasizes that these are prescribed,

97  potentially suboptimal, quantities.

98 The computational demand of the Kalman gain was kept low by computing the background error

99  correlation function only at model grid points needed for the bilinear interpolation. For example, to
100  calculate the correlation between a pair of observations requires the computation of correlation between
101  four points surrounding observation 1 (needed for the bilinear interpolation) and the other four points
102  surrounding observation 2, thus forming a 4x4 correlation matrix C between the target model grid
103 points. Then we calculate HCH' which gives the correlation between two observation sites. This
104  procedure is generalized for the N observations needed for the analysis. Equation (1) also involves
105  the computation of BHT that we compute as asetof N representers (i.e. columns of BH'), each being
106  a2D field that maps the background error covariance in model space with a single observation location,
107  using again the bilinear interpolation approach to get a single interpolated representor for each
108  observation location. By doing so we keep the consistency between the observation operators used for
109  interpolation of a field and the observation operator used to manipulate matrices.

110  2.2. Cross-validation

111 Cross-validation is a technique to evaluate an analysis (or in general any model that depends on
112 observations) by partitioning the original observation data set into a training set, used to create the
113 analysis, and an independent (or passive) set, used to evaluate the analysis. The most common cross-
114 validation designs are: the k-fold cross-validation, where the original observation data set is partitioned
115  into k equal size subsamples and the leave-one-out cross-validation, where N subsamples are created,
116  each with one different observation set aside for the evaluation while the other N —1 observations are
117  used in producing the analysis. The cross-validation is then repeated with all the different sets until all
118  observations have been used for evaluation. Clearly, there are k analyses computed in the k-fold cross-
119  validation and N in the leave-one-out cross-validation, the later being computationally demanding when
120 Nislarge. The main disadvantage of the k-fold cross-validation is that the analyses being evaluated
121  uses a smaller number of observations (actually (k—1)N/k ) than the original observation data set,
122 whereas the leave-one-out cross-validation evaluates analysis that uses nearly the same number of
123 observations (actually N —1) as the original observation data set. This actually matters with the k-fold
124 cross-validation if we need an estimate of the analysis error variance (or any other second moments) as
125  the analysis error variance depends on the number of observations used.

126 Let Ojbe a vector that contains the j* set of observations used for evaluation, and let A(j) be a
127  vector of analysis value interpolated at the verification observation locations of Oj and where the
128  analysis used all observations except those in Oj (the index in parenthesis, i.e. (j), indicates all sets
129  exceptthesetj). Itiscustomary in cross-validation literature (e.g. [17]) to construct a mean square error
130  cost function, often denoted by CV,
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131 CV=3(0;-A}) (0i-Ax), 2)
]

132  that represents a misfit quadratic error of the model A - in our case the analysis. Different model A
133 can be compared and selected from which the CV value is smallest. Likewise, a tunable parameter in
134 A can be obtained by minimizing the cost function CV with respect to that parameter. As we shall
135  discuss later in this paper, in §4 and onwards, the bias of (Oj—A(j)) needs to be removed from the cost
136  function in order to estimate the input error covariance parameters.

137 In applications and thus in all experiments that follows, the analyses and verification against passive
138  observations are made only with a set of observations that has passed a quality control. The quality
139  control is nearly identical to the quality control used for the operational implementation of the analysis
140  of surface pollutants at ECCC (Robichaud et al. [3], supplementary material 1). It consists in discarding
141  observations that report a negative value, or whose value exceeds a certain unrealistic threshold set to
142 300 ppbv for ozone (300 pg/m® for PM2s). Observations are also discarded based on innovations (or
143 observed-minus-background values) when, for ozone, they exceed 50 ppbv (100 pg/m? for PM2s) in
144 absolute value. The quality-controlled observations are then separated into 3 sets of observations of
145  equal numbers, i.e. a 3-fold cross-validation procedure, as illustrated in Figure 1.

146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

162 Figure 1. Spatial distribution of the 3 subsets of PMas observations used for cross-validation.

163 The selection algorithm is based on regular picking of station by ID number.

164  The selection into three sets is made by station ID number, selecting on a regular basis each fourth station,
165  starting with station 1 for the first set, station 2 for the second set and station 3 for the third set, and
166  resulting in locally spatially random distribution of each sets of stations. The cross-validation is then
167  made by leaving one set out of the three sets, and using the remaining two sets to produce the analysis.

168

169  2.3. Verification metrics

170 We will evaluate the analyses against passive and active observations with the following standard
171  evaluation metrics used for air quality models [ 18, 19, 20, 21]; the bias, the modified normalized mean
172  bias (MNMB), the fraction of correct within a factor 2 (FC2), the variance (var(O-A) ) and the correlation
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173 coefficient (cor(O, A) ), where the statistics is computed over time t for each station, and then the
174  resulting metric is averaged over all the verifying station i,

175 bias=iz{iﬂoi(tu—A(tk))}, ()
Ni i Nk k
_ 162 ([Oit)-At)
176 MNME =N g{Nk %(Oiak)w(tk)]}’ @
177 Fczziz{icoum{o_sgmg}}, .
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180  where O;(t,) is the observed value at time t, at the station i, A(t,) is the analysis at time t,
181  interpolated at the location of the station i, N, is the total number of time sample per station, N, is the
182  total number of station (in the sample or over the domain), and the overbar ( ") denotes the time average.
183  The bias and the MNMB are metrics of the first moment that have distinctive properties. The bias gives
184  arepresentative measure of the systematic discrepancy between analyzed and observed values over the
185  whole set of observations used for verification. However, since atmospheric constituents exhibit a range
186  of values that can vary in time and space, and that different constituents have different range of values
187  and may as well be expressed with different units, a relative error measure such as the MNMB is often
188  preferred [20]. The MNMB is a dimensionless quantity that falls in the range [-2,+2]. The factor 2 is
189  introduced so to give a % error interpretation to the MNMB. This metric has also the additional
190  advantage of treating over- and under-estimation in a symmetric way [21]. However, the MNMB is
191  relatively insensitive to relatively large discrepancies between analysis (or model) values and observed
192  values, that is when its values are close to +2 (200%) or -2 (-200%) [20].

193 The fraction of correction within a factor 2 (FC2) is a measure of reliability. It is based on counts
194 and has the distinctive advantage that it is insensitive to outliers. It is worth mentioning that it accounts
195  both high values outliers and also low values outliers that is a unique property of this metric [19]. The
196  FC2 metric is also symmetric with respect to permutation of A and O, it is also dimensionless and its
197  values must lie between 0 and 1. Our experience with this metric indicates that it is relatively insentive
198  for relatively good agreement between analysis and observed values.

199 The variance, var(O-A), and the correlation coefficient cor(O, A) are metrics that depend on the
200  spread of the discrepancy between analysis and observed values. The variance is not a dimensionless
201  metric. It gives a representative measure of the spread of the discrepancy between analyses and
202  observations and is not sensitive to systematic errors. As we will show in §4 and also shown in Marseille
203 et al. [13], var(O-A) with passive observations has the distinct advantage of providing a measure of the
204  true analysis error variance (i.e. the error with respect to the truth) and var(O-A) can be considered as a
205  cross-validation cost function CV, eq.(2), with debiased (O-A) increments. As for any second moment
206  metric, var(O-A) is sensitive to outliers; they must be removed, and this is done by gross check of the
207 (O-B), as explained in the previous subsection §2.2. Finally, the correlation coefficient is a
208  dimensionless quantity that lies in the range [-1, +1]. It is also invariant to shifts in the mean (i.e. not
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209  sensitive to systematic errors), and multiplicative rescaling of either analysis or observations. The
210  correlation is also relatively insensitive to improvement when the correlation is close to 1 or -1.

211  2.4. Description of the ensemble of analyses and their verification statistics

212 A series of hourly analyses of Os and PM2sat 21 UTC for a period of 60 days (June 14 to August 12,
213 2014) were performed with given input error statistics using the operational model GEM-MACH and the
214 real-time AirNow observations as described in the introduction and with quality controlled observations
215 (see subsection §2.2 above). In all experiments, the observation and background error variances, o-g
216  and of, used in the analysis are uniform. The prescribed observation error and background error
217  covariances are given as R= oll B= o2 C, where the correlation model C is a homogeneous
218  isotropic second-order autoregressive model with a correlation length obtained by maximum likelihood,
219  asin Ménard et al. [14]. Note that aside from quality control, that ends up rejecting some observations,
220 the analysis uses the observation values and model realizations as is, with no bias correction.

221 We repeat the series of 60 day analyses for different observation and background error variances
222 chosen in such a way that their sum o +of is equal to var(©—B) but with different ratios of error
223 variances y=0?2/cf. We perform the series of analyses over a wide range of y ratios in the interval
224 [107%,10%], thus creating on one end analyses with very large observation weights, i.e. ¥ < 1, such that
225  the analysis interpolated at the active observation sites tend to match the observed value, and on the
226  other end, with y > 1, creating analyses with very small observation weight producing analyses that
227  are very close to the background (model) state.

228 The condition o7 +of =var(O—B), called the innovation variance consistency, is an important
229 constraint that is useful for the estimation of the true error statistics [22]. Indeed, the stronger condition
230 for the full covariance matrices, the innovation covariance consistency criterion, takes the form:
231 <(0-B)(O-B)" >=R+HBH", where H is the interpolation from model grid to the observation
232  location (or observation operator), and is one of the two necessary and sufficient condition to obtain the
233 true error covariance statistics (in observation space) [ 22, 23].

234 As explained in the the section §2.3 above, the verification metrics are first calculated over time for
235  each station, i.e. 60 days for a given time, then the metric is averaged over all the verifying stations. If
236 N, is the total number of stations, the statistics over one of the 3-fold subset then involves an average of
237  the metric over N,/3 passive stations. Doing this for all 3 subsets, and taking the average of the
238  subsets’ results, is equivalent to taking the average of the metric over all stations. In the results that will
239  Dbe presented in the following sections, we always present the average metric over the 3 passive subsets
240  so that, in the end, the sample size of the passive observation experiments and of the active observation
241  experiments are equal and thus can be presented side by side on the same graphic.

242 3. Verification against passive and active observations

243 In this series of experiments, analyses of Os and PM2s were produced using a fixed homogeneous
244 isotropic correlation function, where the correlation length was obtained by maximum likelihood using
245  a second-order auto-regressive model and error variances computed using a local Hollingsworth-
246  Lonnberg fit [14]. A correlation length of 124 km was obtained for Os and of 196 km for PM2s. Our
247  correlation length is defined from the curvature at the origin as in Daley [24] and is different from the
248  length-scale parameter of the correlation model (see Ménard et al. [14] for a discussion of these issues).
249  We did a series of 60-days analyses for different values of ¢ and o but such that their sum respects
250  the innovation variance consistency, oZ+op =var(O—B), an important condition for an optimal
251  analysis [22], as explained in §2.4. The results are shown for a wide range of variance ratios y = o2 / o
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252  from 107 to 10°. Note that y < 1 corresponds to a very large observation weight while y> 1
253  correspond to very small observation weight.

254
var(0O—A) [03] var(O—A) [PM2.5]
10° 10°[
10" 10"
0 0

T 0T 100 100 10t Y17 10t 100 100 1
255 a; (o a; [0}
256 Figure 2. Variance of observation-minus-analysis residuals of Osand PM2s for both active and
257 cross-validation passive observations as a function of y=c2/of. Left panel is for Os with
258 ordinates in ppbv? units, and right panel is for PM25 with ordinates in (u gm®)2. Red curve
259 results from the evaluation at the passive observation sites (average of the 3-fold subsets). Black
260 curves results from evaluation at the active observation sites with analyses using all
261 observations. Green curves results from the evaluation at the active observation sites in the
262 cross-validation experiment (i.e. using 2/3 of the observations; average of the 3 subsets). Blue
263 curve is the variance of observation-minus-model.
264
265 The var(O—A) using passive observations (red curve with circles) and active observations (black

266 curve with squares) is presented in Figure 2 for Os (left panel) and PM:s (right panel). The solid blue
267  line represents var(O-B), the variance of observation-minus-model, i.e. prior to an analysis. As
268  mentioned in §2.4, in the cross-validation experiments we averaged the verification metric over the 3-
269 fold subsets so that, in effect, the total number of observations that ends up being used for verification is
270 N, the total number of stations. We thus argue that the verification sampling error for the cross-
271  validation experiments (red curve) is the same as for the active observations using the full analysis (i.e.
272  analysis using the total number of stations; black curve). Also there is roughly 1,300 quality controlled
273  Os observations over the domain and 750 PMzs quality controlled observations, each with 60 time
274  samples or less. To give some qualitative idea of the sampling error, the different metric values for the
275  individual 3-fold sets are presented in the supplementary material section, where we can see that for
276  var(O-A)and cor(O, A) the metric values for the individual sets are nearly indistinguishable from the
277  means of the 3-subset.

278 The difference between the verification against passive observations in cross-validation analyses
279  (red curve) and the verification against active observations using full analyses (black curve) can be
280  attributed to two effects: 1- the analysis used in the cross-validation uses 2/3t of the total number of
281  observations and thus the analysis error has larger variance than analyses using all observations, 2- there
282  is a distance effect between the passive observation sites and the active ones for the analyses using 2/3t
283  of the observations. In order to separate these two effects, we also display the 3-fold average of the
284  metric verifying against active observation for the cross-validation analyses as a green curve with
285  squares. Thus in summary we display a;
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286 e red curve :using analysis with 2N, /3 observations with an evaluation at passive sites
287 e green curve: using analysis with 2N, /3 observations with an evaluation at active sites
288 e Dblack curve : using analysis with N, observations with an evaluation at active sites.
289 The difference between the red and green curves show the influence of distance between passive and

290 active observation sites, whereas the difference between the green and black curves show the influence
291  of having different number of observations in creating the analysis for verification.

292 Now let us examine the results of verifying against passive observations with cross-validation
293  analyses. As the observation weights gets smaller (i.e. y > 1), the analysis draws closer to the
294  background, so that var(O-—A) increases toward var(O—B). On the other end when y <1, the
295  analysis tries to overfit active observations which results in a spatially noisy analysis, which explains that
296 var(O— A) increases as ¥ diminishes. Somewhere in between lies a minimum of var(O—A) where
297  there is neither an overfitting nor an underfitting to the active observations. This “optimal” ratio
298  actually corresponds the optimal analysis as we shall discuss in Part II of this study.

299 Now examining the results of verifying against active observations gives a different message. The
300  verification against active observations is presented with the black curves for the full analyses and with
301  the green curves for the cross-validation sets; the difference between the two curves being the number of
302  observations used to generate the analyses. In both curves we observe that var(O-—A) is steadily
303  decreasing as the observation weigth increases. In effect, it is an expected result from the inner working
304  of an analysis scheme that the analysis error variance does not depend on the observed values or the
305 model values. For this reason, the var(O—A) using active observations cannot provide a true measure
306  of the quality of an analysis. There is, however, an exception to this when the analysis is optimal as we
307  shall see in Part II of this paper.

308 One would expect from having a larger number of observations in the analysis that the var(O— A)
309 for the cross-validation analyses be slightly smaller than the var(O—A) for the full analysis. This is
310  observed between the black and green curves when the observation weight is small (i.e. y>1).
311  However, and surprisingly when the observation weight is large, 7 < 1, we observe the opposite. This
312  intriguing behavior may indicate an inconsistency between the assumption of uniform error variances
313  for 67 and of (assumed in the inputerror statistics) and the real spatial distribution of error variances.
314  This discrepancy being simply amplified when the observation weight is large and when there are less
315  observations to produce the analysis.

316 The difference between var(O—A) at passive sites and active sites (with the same number of
317  observations to construct the analyses) is significant. For Os and for an optimal ratio, the var(O—A) at
318  passive sites is 51.02 ppbv?2 (red curve) while at active sites is 22.77 ppbv? (green curve). For PM2.5 and
319  for an optimal ratio, the var(O—A) at passive sites is 38.09 (ug/m?®)?(red curve) while at active sites is
320 1541 (ug/m®)? (green curve). For both species, the error variance at active sites gives a significant
321  overestimation of the error variance by more than a factor 2.

322 In Figure 3, we present the correlation metric between the observations and the analysis using, as in
323  Figure 2, the verification against passive observations in cross-validation analyses (red curve), the
324 verification against active observations using full analyses (black curve) and the verification against
325  active observations in the cross-validation analyses (green curve). The blue curve depict the correlation
326  between the model and the observations, that is the prior correlation.

327
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329 Figure 3. Correlation between observations and analysis for Os and PM2s for both active and
330 cross-validation passive observations as a function of y=c2/o¢. The red, black and green
331 curves are as in Figure 2.
332
333 The evaluation against passive observations with cross-validation analyses (red curve) shows a

334  maximum at the same values of y=0Z/cf than for the var(O—A). We argue that the same
335  arguments of underfitting and overfitting are responsible for this maximum. The correlation between
336  the active observations and the analysis (black and green curves) increases as the observation weight
337  increases (7 decreases), theoretically reaching a value 1 for o2 =0, which is again unrealistic and
338  simply shows the impact of ill-prescribed error statistics in an analysis scheme. The gain in correlation
339  between independent observations and analysis is significant. For Os, it increases from a value of 0.55
340  with respect to the model to a value of 0.74 with respect to an optimal analysis (when y=02/0f is
341  optimal). For PM:s, the correlation against the model has a value of 0.3 which basically has no skill, to
342  a value of 0.54 for optimal analysis, which represent a modest but useable skill. The correlation
343  evaluated at the active sites for an optimal ratio, is 0.85 for Os (green curve) and 0.74 for PM2s (green
344 curve), again being a significant overestimation with respect to values obtained at passive sites.

fraction of correct within 2 [03] fraction of correct within 2 [PM2.5]
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359 Figure 4. Fraction of correct within a factor 2 for Os (left panel) and PMo2s (right panel) for both
360 active and cross-validation passive observations as a function of y=oZ/c?. The red, black

361 and green curves are as in Figure 2.
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362 Another metric that we have considered is the fraction of correct within a factor 2, eq. (5) [3]. The
363  evaluation of this metric against passive and active observations is presented in Figure 4 for O (left panel)
364  and PMbs (right panel). Note that the scale in the ordinate is quite different between the left and right
365  panels. Although the results bear similarity with the correlation between O and A presented in Figure
366 3, the maximum with passive observations is reached at larger y values than those obtained for
367 var(O — A) or cor(O, A), which are identical. One possible explanation is that biases in observations and
368  analysis are not removed in the metric which could explain the shift of the maximum.

369 The interpretation of this metric is, however, not clear. Although the ratio z=A/O is a
370  dimensionless quantity the spread of z is generally not independent of the variance of A or O and there
371  are cases where itis. So to count the number of occurrence of z between the dimensionless values 0.5
372  and2isconfusing. As asimplified illustration, suppose that A is normally distributed as N(0,c?2) and
373  similarly with O~ N(0,52). The ratio of these two random variables is then a Cauchy distribution
374  whose probability density function (pdf) is o,0, /[7(c2z* +c2)]. The mean, variance and higher
375  moments of Cauchy probability distributions are not defined since the integral of the pdf is not bounded;
376  only the mode is defined. Cauchy distributions also have a spread parameter, which in this case is equal
377 to o,/0,. If the variance of A and O are equal, then the number count between the dimensionless
378  bounds 0.5 and 2 depends only on the shape of the probability distribution function, not on the variance.
379 If the variance of A and O are different, then it also depends on the ratio of variances. Furthermore, this
380  metric also depends on the bias. It is a difficult metric to interpret and overall it is unclear what new
381  information it adds. If used as a quality control, however, the FC2 have the unique ability of rejecting
382  toolow as well as too high values of z.

383 In Figure 5 we present the bias between observations and analyses, and were the verification is made
384  against passive and active observations as done with the other metrics. Bias is not a dimensionless
385  quantity; note that the range and scale presented for Os and PM 25 in Figure 5 are different. The blue
386 curve is the mean (O—B) and thus indicates for Os in average over all observation stations (for the time
387  and dates considered) the model overpredicts, and that for PM25 the model underpredicts.

388 bias [O3] bias [PM2.5]
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402 Figure 5. Bias between observation and analysis for Os (left panel) and PMo2s (right panel) for
403 both active and cross-validation passive observations as a function of y=c2/o¢. The red,
404 black and green curves are as in Figure 2.
405 Contrary to all metric results seen so far, the sampling uncertainty of the bias is significant: it is of

406  the order of 0.5 ppbv (in average) for Os at passive sites and of the order of +0.1 £g/m® (in average)
407  for the PM2s at passive sites (results shown in the supplementary material). The distinction between the
408  red, black and green curves is thus not significant for both Os and PM25. But, the difference between the
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409  analysis bias and model bias is nearly always significant. For Os, the model bias is eliminated at the
410  passive observation sites (red curve) as long as the observation weight y <1. The situation is not so
411  clear for PM2s. In fact, when the observation weight is small, the bias result indicates that the analysis
412  has alarger bias than the model. How can that be when the observation weight is small (i.e. y >1)and
413  thus the analysis should be close to the model values? This apparent contradiction reveals a more
414 complex issue underlying the bias metric.

415 To explore the possible causes, we have calculated the bias per bin of model values, displayed in
416  Figureé6.
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447 Figure 6. Biases per bin of model values. In A), presents the statistics for Os and in B), for PM2s.
448 In the upper portion of figures A) and B) are the residual statistics per bin; in black, the (O-B)
449 ,ingrey, the (O—A) at passive observation sites (mean of the 3-fold subsets) for a non-optimal
450 analysis with =10, and in yellow, the (O—A) at passive observation sites (mean of the 3-
451 fold subsets) using the optimal observation weight. The lower portion of the figures A) and B)
452 are the station number count per model values.

453

454 In order have decent sample size per bin, we collect all the (O—A) and (O-B) over time and

455  observation sites, create bins of model values and calculate the statistic per bin (and not per stations as
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456  before). The result shows that the model bias is nearly linearly dependent on the model (black boxes in
457  thebias panel). Both Os and PM2s show an underprediction for low model values and an overprediction
458  forlarge model values. The origin of this bias is not known but one would argue that it is not related to
459  chemistry since both constituents, Os and PMzs, present the same feature. In the lower panels of A) and
460  B) shows the count of stations per model bin size. We observe that the majority of stations have Os
461  model values in the range of 40 to 55 ppbv, where the bias is negative. Over all the stations, this give
462  rise to a negative mean (O-B), and this is how we claim that claim that the model overpredicts.
463  However, for PMas the situation is different: the majority of stations lie in the low model value range,
464  and there are gradually less stations for increasingly larger model values. Although the (O—B) have
465  large negative values in the high model value bin while small model value bins have positives (O - B)
466 s, the effect over all stations is to yield a modestly positive mean (O-B) and thus the model
467  underestimates the PM2s. The results of the analysis evaluated at the passive observation sites are
468  presented with the yellow and grey histogram boxes. In yellow, near optimal analyses with optimal
469  observation weight, as determined by the minimum of var(O—A) are used, and in grey non-optimal
470  analyses with y=10. We observe that the effect of the optimal analysis is nearly insentive to model bin
471  values, where near zero biases are obtained in most of the range except for very small and very large
472  model values. The fact that we are not able to capture the full benefit of analysis on all model values
473  may be an artefact of the assumption that we are using uniform observation and background error
474 variances whereas the model values varies considerably. In grey, we used the non-optimal analyses
475  with a small observation weight were we set ¥ =10. In the non-optimal case, the state-dependent bias
476 s still present but appears to be nearly perfectly anti-symmetric, positive in the low model value bins
477  and nearly exact opposite in high model value bins. ~ Since for Os the majority of observations lies in the
478  range 40 to 55 ppbv, (O—A) for the optimal analyses at passive observation sites is nearly zero. But,
479  for the non-optimal analysis with =10, the (O—A) at passive sites is negative, i.e. the analysis is
480  overpredicting, as shown in Figure 5.

481
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496 Figure 7. Modified normalized mean bias (MNMB) between observation and analysis for O3
8 y
497 left panel) and PMzs (right panel) for both active and cross-validation passive observations as
P ghtp p
498 a function of y=cZ/0f. The red, black and green curves are as in Figure 2.
499
500 For PM:s, the weighted sum of the (O—A) bins is such that over all stations the bias for an optimal

501  analysis is nearly zero. In the case of the non-optimal analysis with y =10, the weighted sum of the
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502  nearly anti-symmetric (O—A) bias per bin gives more weight to the positive bias at smaller model
503  values, so that overall there is a positive (O— A), as in Figure 5.

504 To circumvent the state-dependency of the (O — A) biases it is useful to consider instead a fractional
505  bias metric, such as the modified normalized mean bias, MNMB eq.(4). The MNMB metric is a
506 dimensionless measure and as defined with a factor 2, eq.(4), represents a % error. The MNMB for Os
507  and PM:s for passive and active observations are displayed in Figure 7 using the same color as in Figure
508 2. We note immediately that the MNMB analysis bias does not exceed the MNMB model bias as we
509  observed for the bias metric of PMas (Figure 5 right panel). The MNMB bias also varies smoothly as a
510  functionof y (at variance with the bias metric for PM2s — Figure 5).
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541 Figure 8. Same as Figure 6 except that we display the variance of analysis-minus-passive
542 observations per bin of model values.
543
544 Furthermore the sampling uncertainty of the analysis MNMB relative to the model bias (see the

545  supplementary material) is smaller than the relative uncertainty of the analysis bias with respect to the
546  model bias. This is especially true for PM2s, where we can actually deduce that the difference between
547  the cross-validation and the validation against active observations is significant when y <1. There is
548  also another important point to make; although analyses are designed to reduce the error variance, it
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549  thus so happens that for a near optimal analysis the fractional bias MNMB is very small, around 1% for
550  Osand about 1-2% for PM2s.  We argue that it results from an optimal use of observations.

551 There is also some information to gain from the variance of observed-minus-analysis per bin size,
552  asillustrated in Figure 8, using the same color histograms as in Figure 6. We note that for Os, the model
553  error variance against observations increases gradually with larger model values. But the fraction of
954 analysis variance vs. model variance is roughly uniform across all bins. This can be explained by the
555  fact that the observation and background error variances are uniform, and thus the reduction of variance
556 across all bins is uniform as well. However, the situation is different for PM25. We note a relatively
557  poor performance of the model at low model values, with standard deviation of 7ug/m3. For slightly
558  larger model values (3-6 pg/m?3), the error variance is smaller to 5.5 ug/m? and then increases almost
559  linearly with model values. The fraction of analysis variance vs. model variance decreases steadily with
560  larger model values. These results thus indicate that the assumption that observation and background
561  error variances are uniform and independent of the model value may have to be revisited.

562 4. Conclusions

563 We have developed an approach by which analyses can be evaluated and optimized without using
564  amodel forecast but rather by partitioning the original observation data set into a training set, to create
565  the analysis, and an independent (or passive) set, used to evaluate the analysis. This kind of evaluation
566 by partitioning is called cross-validation.

567 The need for such a technique came about our desire to evaluate our operational surface air quality
568  analyses that are created off-line with no assimilation cycling. Evaluating a surface air quality analysis
569  based on its chemical forecast does in fact require additional information or assumptions, such as vertical
570  correlation, aerosol speciation and bin distribution (while surface measurement is primarily about mass)
571  or unobserved chemical variables correlations, and so on.... So that the quality of the chemical forecast
572  isnot solely dependent on the quality of the analysis and, if there are compensating errors, can actually
573  be a misleading assessment of the quality of the analysis.

574 We have applied this cross-validation procedure to the operational analyses of surface Os and PM:s
575  over North America for a period of 60 days and present an evaluation using different metrics; bias,
576 modified normalized mean bias, variance of observation-minus-analysis residuals, correlation between
577  observation and analysis, and fraction of correction within a factor 2.

578 Our results show that, in terms of variance and correlation, the verification of analyses against active
579  observations always yield an overestimation of the accuracy of the analysis. This overestimation also
580  increases as the observation weight increases. On the other hand for biases, the distinction between the
581  verification against active observations and passive observations is unclear and drowned in the sample
582  variability. However, using a fractional bias metric, in particular the MNMB, shows that the verification
583  against passive observations can be close to one percent for an optimal analysis while the verification
584  against active observations is much larger.

585 Results also show the importance of having an optimal analysis for verification. The variance of
586  the analysis with respect to independent observations is minimum and the correlation between the
587  analysis and independent observations is maximum for an optimal analysis. By being a compromise
588  between an overfit to the active observations (which produce noisy analysis field) and an underfit, the
589  optimal analysis offers the best use of observations throughout. At optimality, the analysis fractional
590  bias (MNMB) at the passive observation sites has only one or two percent error whereas the fractional
591  bias of the model is 6.5% for Os and 21% for PM2s. The correlation between the analysis and
592  independent observations is also significantly improved with an optimal analysis: the correlation
593  between the model and independent observations is 0.55 for Os and increases to 0.74 with the analysis,
594 while for PM:zs the correlation between the model and independent observations is only 0.3 (which is
595  basically no skill) but rises to 0.54 for the analysis.
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596 We also argue that the fraction of correct within a factor 2, is a metric whose interpretation is unclear
597  asit mixes information about bias, variance and probability distribution in a non-uniform way and does
598  not seem to add anything new to other metrics. The bias is also very sensitive to sample variability and
599  can lead to wrong conclusions. For example, we have seen that the mean analysis bias can be larger
600  than the mean model bias, whether verifying against active or passive observations. But, since an analysis
601 is always closer to the truth than its prior (i.e. the model), it results in an apparent contradiction. This
602  implies that the bias metric cannot be used to faithfully compare model states accurately. Such wrongful
603 conclusions do not arise, however, with the MNMB. We thus recommend avoiding using bias as a
604 measure of truthfulness, and use instead a fractional bias measure such as the MNMB.

605 We also found that errors in the GEM-MACH model grow almost linearly with the model value.
606  This is particularly evident for the bias where the model underestimates at small model values and
607  overestimates at large model values. Furthermore this occurs in equal ways for Os and PMas, thus
608 indicating that the source of this bias is not related to chemistry. The fact that, over the entire domain,
609  the model overestimates Os, and underestimates PMas is simply a result of the concentrations. We have
610  not conducted a systematic study of model error for other times of the day and other periods of the year,
611  butit would be very interesting to look at this, to see whether or not changes of biases are due primarily
612  to changes in the distribution of values rather than a fundamental change in the bias per model value
613  bin.

614 Finally we have also examined the variance against independent observations per model value bin
615 , and concluded that the error variance is not quite uniform with model values but increases slowly with
616  model values for Os and in a more pronounced way for PMos.

617 In Part II, we will focus on the estimation of the analysis error variance and develop a mathematical
618  formalism that permits to compare different diagnostics of variance under different assumptions,
619  optimize the analysis parameters and gain confidence on the estimate of analysis error as we obtain
620  coherent estimated values across different diagnostics.

621

622 Supplementary Materials: The following are available online at www.mdpi.com/link, Figure S1: Verification of
623 variance for Os and PMzs for the individual sets. Figure S2: Same as Figure S1 but for the correlation between
624 observations and analysis. Figure 53: Same as Figure S1 but for the fraction of correct within a factor 2. . Figure S4:
625 Same as Figure S1 but for bias. . Figure S5: Same as Figure S1 but for modified normalized mean bias.
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