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Abstract 
With the advent of speech communication systems transmitting 
the full audible frequency band (0-20,000 Hz), traditional 
approaches for narrowband (300-3,400 Hz) speech quality 
estimation, service planning and monitoring come to their 
limits. Recently, signal-based as well as parametric tools have 
been developed for fullband speech quality prediction. These 
tools estimate overall quality, but do not provide diagnostic 
information about the technical causes of degradations. In the 
present paper, we evaluate approaches for diagnostically 
monitoring the quality of super-wideband and fullband speech 
communication services. The aim is, first, to estimate technical 
causes of degradations from the degraded output signals, and, 
second, to combine the estimated causes with parametric 
quality prediction models to obtain a quantitative diagnostic 
picture of the quality-degrading aspects. We evaluate 
approaches for non-intrusively identifying coding schemes and 
packet-loss, and compare estimated quality to the predictions of 
an intrusive signal-based model. 
Index Terms: speech quality prediction, super-wideband, 
fullband, diagnosis, coding, packet-loss, non-intrusive 

1. Introduction 
Speech communication services have made use of a restricted 
narrowband audio channel for more than 100 years. This 
situation has changed with the advent of packet-based 
transmission techniques, which are able to not only transmit 
signals through the standard narrowband (300-3,400 Hz) audio 
channel, but as well wideband (50-7,000 Hz), super-wideband 
(20-14,000 Hz) or fullband (0-20,000 Hz) signals. The 
transmission of this extended bandwidth can generally be 
expected to improve quality; however, IP-based transmission 
and the applied coding schemes also come with degradations of 
the (improved) quality. Thus, the quality of super-wideband and 
fullband speech communication services remains an important 
topic, and requires new tools to be evaluated. 

Quality engineering of speech communication services can 
be performed in different phases of service set-up and 
operation. During early planning phases, only planning values 
of the equipment which is expected to be used are available, 
typically in terms of tabulated parameter values, such as 
attenuations, delay times, codecs used, expected probabilities 
of packet loss, etc. In this phase, parametric planning models 
such as the E-model [1] are used to predict the quality of a 
communication service using this equipment. As soon as 
simulations of actual services become available (e.g. codecs, 
channel simulations), the signals at the output and – if available 

– at the input of the transmission channel under consideration 
can be used to predict quality. When the service is fully 
operational, measurements of the signal(s) and/or parameters 
can be used to predict quality during operation, in terms of 
quality monitoring. In this phase, it is distinguished whether 
monitoring is based on the degraded output signal which is 
available at normal service usage (so-called non-intrusive 
monitoring), or whether dedicated clean speech signals are 
transmitted over the channel and then quality is estimated on 
the basis of both, clean input and degraded output signal (so-
called intrusive monitoring). 

Algorithmic models are available for the planning and sim-
ulation phase, which predict an average overall quality rating – 
as it could be obtained in a subjective test with human partici-
pants. Such models might also be used for quality monitoring. 
However, they are limited as the reasons underlying a sub-
optimal (predicted) quality remain obscure. Thus, in addition to 
predicting overall quality, service operators need estimations of 
the underlying technical reasons of sub-optimum quality. 
Identifying possible reasons provides diagnostic information 
for fixing problems, whereas the predicted overall quality helps 
to weight the severity of a problem. 

Whereas diagnostic monitoring tools for narrowband 
speech communication services have been available for a long 
time [2][3], comparable tools are missing for super-wideband 
and fullband services. So far, only one parametric planning tool 
(fullband E-model [4]) and one intrusive signal-based 
prediction model for overall quality (POLQA [5]) have been 
developed, but experience in using them for monitoring quality 
is still scarce. No non-intrusive monitoring model is yet 
available, and algorithms for identifying technical causes in 
super-wideband or fullband have not yet been proposed. 

It is the aim of this paper to contribute to filling this gap. 
For this purpose, we processed a speech database with coding 
and packet-loss degradations which are expected to be the 
major degradations encountered in real-life super-wideband 
and fullband services. Next, we tried to identify the type of 
codec used, as well as packet losses, on the basis of the 
degraded output signal only. We used the ground truth of the 
technical causes of impairments, as well as the estimated 
technical causes, to feed the parametric fullband E-model for 
estimating overall quality. The estimations are compared to 
intrusive signal-based overall quality estimations from 
POLQA, and an extension to the E-model is proposed for better 
capturing the impact of bursty packet loss on perceived quality. 
Section 2 reviews the current state-of-the-art of the POLQA and 
the fullband E-model. Section 3 presents the speech database 
used in the analysis. Section 4 describes the algorithms used for 
technical cause estimation and the results obtained, and Section 
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5 the steps followed for estimating overall quality, including the 
extension to the fullband E-model. Section 6 discusses the 
results obtained, and points out limitations and future work. 

2. Fullband speech quality prediction 
Currently, there are two recommended standards for fullband 
speech quality prediction. The POLQA model recommended by 
the International Telecommunication Union [5] predicts overall 
listening quality on the basis of a degraded speech signal at the 
output of the communication channel and the corresponding 
clean, reference signal at the input of the same channel. After a 
pre-processing and alignment of both signals, POLQA predicts 
an average overall quality rating, a so-called Mean Opinion 
Score (MOS), from a perceptually-weighted difference between 
the degraded and a modified version of the clean speech signal. 
In contrast to earlier models such as PESQ [6], POLQA also 
has a fullband mode which enables fullband speech quality 
prediction. Details can be found in [5]. 

The second model is the fullband E-model [4] which 
predicts the overall quality experienced by a communication 
partner during conversations over a telephone channel 
exhibiting the characteristics as defined by the parameters of 
the model. So, unlike POLQA, the E-model predicts the quality 
of a conversation and not the listening quality. The main output 
of the model is a transmission rating R which can be 
transformed to MOS using an S-shaped monotonous 
relationship. In the narrowband version of the E-model [1], the 
transmission rating R ranges from 0 (being worst) to 100 (being 
optimal quality); in the fullband version [4], the maximum 
rating increases to 148. No significant difference between the 
maximum rating for super-wideband and fullband channels was 
found [7], so the model is expected to handle both situations. 

The E-model assumes that impairments are independent 
from each other and can be quantified in terms of impairment 
factors on the transmission rating scale R. This can be done by 
subtracting the impairment factors from a maximal 
transmission rating: 
											𝑅 = 148 −	𝐼!,#$ − 𝐼%,%&&,#$          (1) 
The term Id,FB represents impairments due to delay of the 
connection, restricting interactivity. These effects will not be 
addressed in the present paper (thus, we assume Id,FB = 0), but 
first results are presented in [8]. 

The equipment impairment factor Ie,eff,FB represents 
impairments caused by the codec as well as by the effects of 
randomly distributed packet-loss, derived using the codec-
specific values for the equipment impairment factor at zero 
packet loss Ie,FB, the packet-loss probability Ppl, and the packet-
loss robustness factor Bpl, see also [4] and [1]: 

										𝐼%,%&&,#$ = 𝐼%,#$ + *132 − 𝐼%,#$- ∙
'!"

'!"($!"
         (2) 

In the current version of the fullband E-model, the 
calculation of the effective equipment impairment does not 
consider the burstiness of the packet-loss. However, in the 
narrowband version [1], bursty packet loss is accounted for by 
a so-called Burst Ratio BurstR defined as follows: 
               𝐵𝑢𝑟𝑠𝑡𝑅 = Average length of observed bursts

Average length of bursts with random loss
              (3) 

Thus, the packet-loss is random when 𝐵𝑢𝑟𝑠𝑡𝑅	 = 	1 and bursty 
for 𝐵𝑢𝑟𝑠𝑡𝑅	 > 	1. With this parameter, the effective equipment 
impairment factor (without the indicator FB, as it is the 
narrowband case) is calculated by changing Eq. (2) as follows: 

																𝐼%,%&& = 𝐼% + (95 − 𝐼%) ∙
'!"

#!"
$%&'()*$!"

          (4) 

The constant value of 95 instead of 132 is used because in the 
narrowband version the transmission rating R only varies 
between 0 and 100, instead of 0 and 148 for fullband. Values 
for Ie,FB and Bpl are listed in [9]. 

3. Speech databases 
We created a set of 18 clean mono speech files with 16-bit linear 
PCM and 44.1 kHz sampling rate. We coded these speech files 
both with the EVS codec in its super-wideband mode at 13.2 
kbit/s, as well as with linear PCM at 44.1 kHz (fullband). On 
the coded speech files, we generated combinations of 6 packet-
loss rates with 7 burst-ratios (see Table 1), resulting in 756 files 
for PCM and EVS each. To generate the packet-loss pattern we 
used a two-state Markov chain as described in [10]. We selected 
only generated patterns that did not deviate from the targeted 
Ppl by more than 1 percentage point. The packet-loss-affected 
speech files were finally decoded, upsampled to 48 kHz and – 
together with the clean speech files – used for the analysis. 
 
Table 1: List of packet-loss percentages (Ppl) and burst-ratios 
(BurstR) used in the experiment. 

Packet-Loss (%) 2.5, 5.0, 7.5, 10.0, 20.0, 30.0 
Burst-Ratio 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0 

4. Non-intrusive technical cause estimation 
Two types of technical causes are targeted in our analysis: The 
identification of the codec used and the estimation of packet 
loss. Both technical causes should be estimated from the 
degraded speech signal alone, i.e. in a non-intrusive way. 

For the identification of the codec, the difference in signal 
bandwidth is exploited. The power spectral density is computed 
for each decoded signal to then obtain a value for the average 
power in the frequency ranges 0.5-3 kHz and 15-19 kHz, 
respectively. The logarithmic ratio of these two average powers 
is, in combination with a threshold, utilized as signal feature to 
distinguish between PCM and EVS-coded signals. We tested 
this non-intrusive approach on all of our test database, and it 
yielded an accuracy of 100%, with no misclassification. 

For the non-intrusive estimation of packet loss, we follow 
the packet loss detection model presented in [11], but now 
extended to fullband speech. The model uses MFCCs (Mel-
Frequency Cepstral Coefficients) as inputs. Additionally, to 
consider temporal effects, the first derivative is also included. 
The features are fed to a random decision forest which classifies 
each frame as either erroneous or unimpaired, resulting in an 
estimated error pattern for the speech file. 

For this work, the resulting error pattern is used as input for 
a packet-loss rate prediction model. Since the described 
detection model is not able to find erroneous packets in silent 
segments, only active speech frames can be considered. As a 
result, the Ppl regarding the entire file (active and non-active 
frames) may be predicted by using a linear function: 

	𝑃 = −0.07 + 5.24 )+
),

          (5) 

where NL is the number of detected erroneous frames and NA 
the number of non-silent, active speech frames. 

Figures 1 and 2 show the estimated vs. the actual packet 
loss rate for different burst ratios and for the EVS and the PCM 
codec, respectively. Whereas the estimation works very well for 
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the super-wideband EVS codec, it fails for the fullband PCM 
codec. We think that the training of the binary decision tree 
which classifies the features did not use enough PCM training 
data (only 38 out of 7080 training files). We expect that such a 
non-intrusive packet loss estimator requires training material to 
be available for all possible codecs used in the transmission. It 
is further interesting to note that the spread of the estimated Ppl 
as a result of burstiness increases with increasing Ppl. 
 

 
Figure 1: Estimated vs. actual packet loss rate Ppl for different 
burst ratios BurstR for the EVS codec. 
 

 
Figure 2: Estimated vs. actual packet loss rate Ppl for different 
burst ratios BurstR for the PCM codec. 
 

 
Figure 3: Estimated vs. actual burst ratios BurstR for different 
packet loss rates Ppl for the EVS codec. 
 

Whereas the estimation of Ppl works quite fine for the EVS 
codec, it still results in larger errors for the estimated burst 
ration BurstR, as Figure 3 shows. Apparently, missed packet 
losses result in an over-estimation for small values of Ppl and an 
under-estimation for large Ppl values. The picture is slightly 
better, but similar for the PCM codec (omitted to save space). 

5. Speech quality estimations 
In the following, we will compare estimations of the fullband 
E-model with POLQA estimations regarding overall quality 
(MOS). For the fullband E-model, we will use the actual 
parameter values of the simulations (ground truth), as well as 
the parameter values obtained from the algorithms outlined in 
the previous section (estimated parameters). For the POLQA 
estimations, we used the SQuadAnalyzer software [12] in its 
fullband mode, and the POLQA version 3. Because the range 

of predicted MOS differs between POLQA and the E-model, 
the MOS prediction of POLQA was linearly scaled to the E-
model MOS range of 1 to 4.5, and transformed to Ie,eff,FB using 
Eq. 1. For the fullband E-model, we used Ie,FB = 0 for the PCM 
codec, and Ie,FB =  17.1 for the EVS codec. 

 
Figure 4: Ie,eff,FB values as predicted by POLQA and the fullband 
E-model for EVS (blue) and PCM (orange). Solid lines: E-
model with actual parameter settings; crosses E-model with the 
estimated parameter settings. All predictions for BurstR = 1.0. 
 

Figure 4 shows the predictions of the fullband E-model in 
terms of Ie,eff,FB, with the actual settings for the codec and the 
packet-loss rate, when only considering random packet-loss. As 
expected, PCM shows a much lower robustness against packet-
loss and even for very low packet-loss rates, linear PCM results 
in a higher effective equipment impairment factor Ie,FB,eff. When 
using the estimated parameter settings (orange crosses), the 
large estimation error for the PCM codec also results in large 
over-estimations of the Ie,eff,FB value; the errors in the Ppl 
estimation for EVS (blue crosses) are negligible. 

 

 
Figure 5: Predicted MOS of POLQA versus predicted MOS of 
the fullband E-Model for EVS. 
 

 
Figure 6: Predicted MOS of POLQA versus predicted MOS of 
the fullband E-Model for linear PCM.  
 

Figure 5 shows the MOS of the EVS codec as predicted by 
POLQA versus the MOS predicted by the fullband E-model for 
different burst ratios BurstR, and the corresponding Pearson 
correlation r. The BurstR-levels are denoted by different colors. 
Because the fullband E-model in its current form does not 
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include the burst-ratio BurstR during the Ie,eff,FB calculation, the 
predictions for a specific packet-loss rate produce the same 
MOS. The six distinct levels of packet-loss can be seen by the 
clusters in the E-model prediction. As can be seen by the colors 
of the scatter points, an increase in the burst-ratio results in a 
decreased MOS prediction from POLQA. 

In contrast to that, the predictions for PCM (Fig. 6) have 
more variance between the burst ratios and the POLQA MOS 
increases with higher burst-ratios. Especially because of the 
high variance between the burst-rates, the RMSE for the E-
model prediction (on the R scale [0;148]) is high with 12.36. 

To accommodate for the burstiness of packet loss with the 
EVS codec, we modify the Ie,eff,FB calculation similar to Eq. 4, 
however introducing a “burstiness robustness factor” Brf: 

𝐼%,%&&,#$ = 𝐼%,#$ + *132 − 𝐼%,#$-
𝑃*+ −

(1 − 𝐵𝑢𝑟𝑠𝑡𝑅)
𝐵,&

𝑃*+ +𝐵*+
 

(6) 
Comparing Eq. 6 to Eq. 2, for random packet-loss (𝐵𝑢𝑟𝑠𝑡𝑅	 =
	1.0) the extension -.$/,012

$&-
= 0, that means in this case the 

formula is the same as in the current fullband E-model. With 
increasing burst-ratio, the Ie,eff,FB increases, and the penalization 
of the BurstR is independent of the packet-loss. The amount of 
penalization can be regulated with the Brf value: Higher Brf 
values signify higher robustness against burstiness, resulting in 
a smaller penalization of the burstiness. Also, with negative 
values for the Brf, Eq. 6 is able to model codecs that increase in 
quality with higher burstiness, as it was observed for PCM in 
Fig. 6. The Brf for each codec is fitted together with the Bpl 
value, and we obtained Brf = 2.03 for the EVS and Brf = -4.35 
for the PCM codec. 
 

 
Figure 7: Predicted MOS of POLQA versus the predicted MOS 
of modified fullband E-Model for EVS with the modified Ie,eff,FB 
calculation from Eq. 6, using the actual simulation settings. 
 

As can be seen in Fig. 7 compared to Fig. 6, the 
consideration of burstiness using Eq. 6 shows a significant 
improvement of the E-model performance. The estimations of 
the E-model using the actual parameter values result in a very 
good agreement with the POLQA predictions. Using the 
estimated parameter values, Fig. 8 shows that the results are still 
in a very good agreement to the POLQA estimations. The 
RMSE of the extended E-model predictions with parameter 
estimations is quite low with 0.1178 on the 5-point MOS scale. 
This shows that using the 2-step diagnostic approach – i.e. first 
estimating codec and packet loss in a non-intrusive way, and 
then predicting overall MOS using the extended E-model, 
results in quite reasonable predictions compared to POLQA, 
even when the parameter estimations are not perfect. This 
finding is however limited to the EVS codec at one particular 
bitrate; whereas similar results have been obtained for the 

fullband PCM codec, other codec and bitrate settings still need 
to be investigated. 

 
Figure 8: Predicted MOS of POLQA versus the predicted MOS 
of modified fullband E-Model for EVS with the modified Ie,eff,FB 
calculation from Eq. 6, using the estimated parameter settings. 

6. Discussion and future work 
In this paper, we presented a first approach to non-intrusively 
monitor the quality of super-wideband and fullband speech 
transmission. Whereas standard monitoring requires both input 
and output signals to be available, our approach works in a 
purely non-intrusive way. By estimating technical causes as 
well as overall quality, it also serves the diagnosis of technical 
causes of impairments. 

With the limited database consisting of two codecs only, we 
achieved a perfect identification of the codec used. This result 
should however be interpreted with care, as more codecs 
working at different bitrates may decrease the accuracy. The 
results obtained in [13] for the AMR-WB codec, however, 
make us confident that this could work with sufficient accuracy. 
The estimations for packet loss worked very well for the EVS 
codec, whereas they failed for the PCM codec. We consider the 
lack of PCM-coded training material for the binary decision tree 
as the major reason for the observed failure. 

With the help of accurately estimated packet losses it 
becomes possible to also accurately estimate overall quality, 
using the fullband version of the E-model. Still, this model does 
not yet consider bursty packet loss. An extension to this type of 
loss improves the prediction performance of the non-intrusive 
approach significantly, and should also be considered in an 
update of the model standard. 

Our approach was only tested on a very limited database, 
using two codecs and a limited amount of speech data 
consisting of sentences spoken in isolation (as they are required 
for using POLQA). If a non-intrusive approach is to be used in 
practice, it should also be able to cope with a variety of other 
codecs, and with speech material containing disfluencies, short 
backchannels, and so on. In addition, noise may be present 
which could impact codec identification and packet loss 
detection, as well as overall quality. Thus, more and more 
realistic speech data is necessary to test the robustness of the 
proposed approach. In addition, speech transmission channels 
are used in communication situations; thus, it would be 
interesting to analyze the effects of delay, and whether they are 
correctly covered by the fullband E-model. 
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