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ABSTRACT

This study investigates the time-frequency dynamics between environment-related tech-
nological innovation and environmental quality using the ecological footprint as a com-
prehensive measure of environmental quality and its components for India. To capture
time-varying and frequency-dependent relationships, the study adopts a wavelet coher-
ence framework, which allows simultaneous analysis of short-, medium-, and long-run dy-
namics between environment-related technological innovation and environmental quality
for the period between 1990Q1 to 2022Q4. The results indicate that the relationship be-
tween environment-related technological innovation and environmental quality is strongly
time-varying and scale-dependent. In the aggregate ecological footprint, the significant co-
herence is concentrated on the short and medium horizons, while the long-run interac-
tions are weak and non-persistent. The phase dynamics show that the rise in ecological
footprint precedes the adoption of environment-related technological innovation. In compo-
nents analysis, it shows a strong short-term coherence between technological innovation
in the environmental field and single parts of the ecological footprint. At the same time, the
medium-run effects are intermittent, and the long-run relationships are mostly insignificant
or driven by boundary effects. The results suggest that the environmental benefits from
environment-related technological innovation are gradual and uneven in ecological dimen-
sions. Therefore, policymakers should complement technology-promotion strategies with
regulatory and demand-side measures to avoid overreliance on long-term technological
solutions and to better address short-term ecological footprint.
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+ It examines the relationship between environment-related technological innovation and ecological footprint

components.

* Applies wavelet coherence to 1990Q1-2022Q4 data for India.

Identifies strong, time-varying short- and medium-term coherence.

* Reveals heterogeneous relationships across ecological footprint components.

» Supports integrated technology, regulatory, and demand-side policies.

1. Introduction

Technological advancement is recognised as one of
the important means of promoting more responsible con-
sumption and production [1]. In terms of environment,
technological innovation can facilitate the transition to-
wards cleaner production processes, improved resource
efficiency, and reduced pollution [2, 3]. However, main-
taining environmental quality while sustaining economic
growth remains a major global challenge, which requires a
better understanding of the environmental consequences
of technological progress [2].

Although some of the technological innovations aim
to reduce emissions and resource intensity, others may
indirectly intensify environmental degradation through re-
bound effects, increased consumption, or shifts in produc-
tion patterns [4]. Moreover, the overall technology is con-
sidered in most of the existing studies [5, 6], while leaving
the precise measurement of environmentally specific inno-
vation. Environment-related technological innovation gen-
erally refers to technological developments toward reduc-
ing ecological footprint, improving resource efficiency, and
mitigating pollution [7]. In empirical research, such innova-
tion measures using environment-related patent indicators
and established classifications of environmental technolo-
gies [8-11]. Hence, it argued that environmental-related
technologies should be preferred while assessing the en-
vironmental sustainability of technology [1].

Environmental technological innovation is increas-
ingly recognized as a potentially important determinant
of environmental sustainability, but its ecological conse-
quences are insufficiently understood. In particular, evi-
dence based on general technological innovation may not
adequately capture the environmental implications of in-
novations specifically intended to reduce ecological foot-
print. Moreover, the extent to which environment-related
technological innovation translates into improvements in
overall ecological sustainability remains uncertain, as its
effects may depend on changes in production, consump-
tion, and resource use, including potential rebound ef-
fects [12, 13]. Although recent empirical studies have ex-
amined the relationship between environmental innovation
and ecological footprint, the findings also point to the pos-
sibility that environmental innovation may not consistently

reduce ecological footprint [14]. This uncertainty raises an
important question regarding whether, and to what extent,
environment-related technological innovation contributes
to improvements in ecological sustainability.

The ambiguous relationship between environment-
related technological innovation and environmental quality
can be explained by competing theoretical mechanisms.
On the one hand, as part of environment-related technol-
ogy innovation, there is a possibility for reducing energy
prices due to cleaner energy discovery and its availabil-
ity, in addition to having energy efficiency and other eco-
nomic benefits, thereby increasing consumption and pro-
duction [15, 16]. On the other hand, some arguments favor
the beneficial role of environment-related technology, as it
minimizes production and consumption-related emissions
through faster clean energy adoption, better waste man-
agement, and improves energy efficiency [17—20]. There-
fore, it is important to assess the relationship between
environment-related technology innovation and environ-
mental quality. Understanding this relationship requires an
empirical assessment that considers the possibility of both
environmental improvements and offsetting the ecological
footprint.

Adding to this ambiguity about the relation be-
tween environmental-related technologies and environ-
mental quality, which is further compounded by differ-
ences in the measurement of environmental quality. At
the same time, some studies rely on conventional indica-
tors [21, 22], which overlook the broader ecological pres-
sures by focusing on the narrow dimension of environ-
mental degradation. Thus, the ecological footprint gains
prominence in literature as a more comprehensive mea-
sure reflecting the combined pressure of human activi-
ties [23—-30]. However, even when the ecological footprint
is employed, empirical results remain inconclusive as the
environment-related technology innovation—environment
nexus may vary across contexts and methodological ap-
proaches [31, 32], which suggests that the environmen-
tal implications of ERT may not be adequately understood
through conventional environmental indicators alone and
highlights the importance of examining its relationship with
a broader measure of ecological pressure.
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Another limitation concern is the treatment of environ-
mental quality as a single aggregate outcome [33-35]. The
ecological footprint consists of multiple dimensions (i.e.,
“carbon footprint, built-up land, cropland, fishing grounds,
forest products, and grazing land”), each of which may re-
spond differently to environmental-related technological in-
novation; therefore, aggregating these components may
conceal heterogeneous effects and lead to misleading
conclusions regarding the overall environmental impact of
environment-related technologies, in addition to this there
is little attention given to dynamic evolution these compo-
nentsh over time in response to the environmnt related
technology. Furthermore, limited attention to the tempo-
ral evolution of these component-specific relationships re-
stricts our understanding of whether the environmental im-
plications of ERT vary across different dimensions of eco-
logical pressure and over time. A component-wise analysis
is therefore important for identifying patterns that may re-
main obscured in aggregate measures.

Methodologically, most empirical studies rely on con-
ventional time-domain econometric techniques that focus
on average or long-run relationships [4, 6, 18, 20, 33—
37]. Such approaches may fail to capture short-run ad-
justments, transitional dynamics, and structural shifts aris-
ing from changing environmental regulations, technologi-
cal diffusion, and economic cycles. Time—frequency meth-
ods, particularly wavelet analysis, provide an alternative
framework by decomposing the relationship between time
series simultaneously across time and frequency domains
[38, 39]. Wavelet coherence is particularly useful for identi-
fying localized co-movements and phase relationships be-
tween two non-stationary series across different frequency
bands [40]. Accordingly, the extent to which the relation-
ship between ERT and ecological sustainability varies over
time and across frequency scales remains an important
empirical question, particularly when the aggregate eco-
logical footprint and its individual components are consid-
ered separately.

While a growing body of literature has adopted
wavelet-based techniques to study the drivers of ecolog-
ical footprint, existing wavelet studies predominantly focus
on aggregate technological innovation or general energy
variables, often treating technological progress as a single,
time-invariant factor. Furthermore, prior wavelet applica-
tions frequently evaluate the ecological footprint strictly at
the aggregate level [41, 42], leaving the scale-dependent,
time-varying interactions between environment-specific in-
novations and individual ecological sub-components (such
as built-up land, carbon, cropland, fishing grounds, forest
products, and grazing land) unexplored—particularly in the
context of major emerging economies like India.

These research gaps are particularly relevant to In-
dia, where economic development and environmental sus-
tainability must be pursued simultaneously. The environ-
mental consequences of technological innovation in this
context cannot be assumed to be uniformly beneficial,
as changes in production, consumption, energy use, and
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resource demand may influence different dimensions of
ecological pressure in distinct ways. Government initia-
tives, environmental regulations, and international commit-
ments also form part of the broader policy context shap-
ing the adoption and diffusion of environmentally oriented
technologies [3, 6, 43]. These considerations render India
a relevant setting to examine whether ERT is associated
with improvements in aggregate ecological footprint and
whether such relationships vary across ecological footprint
components and time horizons. A country-specific investi-
gation can thus shed light on the degree to which aggre-
gate indicators are able to capture the environmental im-
plications of environment-related technological innovation
and whether such implications differ across different com-
ponents of the ecological footprint.

In the backdrop of this, the present study attempts to
analyze the nexus between ERT and environmental qual-
ity in India using aggregate ecological footprint and its
underlying components, wherein the study uses wavelet
time-frequency analysis to investigate how this relation-
ship changes across time and different frequency scales.
The component-wise analysis further explores whether the
relation between ERT and ecological sustainability varies
across different components of the ecological footprint. By
integrating an India-specific focus, disaggregated ecologi-
cal footprint measures, and a time—frequency perspective,
this study extends the existing literature beyond an ex-
clusively aggregate and time-invariant assessment of the
ERT—environment nexus. The findings can provide policy-
relevant insights into the ecological dimensions and time
horizons over which ERT is associated with changes in en-
vironmental quality, thereby informing the design of more
effective environmental and innovation policies.

The rest of the study consists of the literature review
in Section 2, data and methodology in Section 3 and Sec-
tion 4 consists of the results and discussion and the final
section for conclusion and policy implications.

2. Literature Review

The role of environment-related technologies and en-
vironmental quality measures has been extensively stud-
ied in the literature. Although the empirical findings re-
main inconsistent, this divergence largely stems from
differences in environmental indicators and econometric
methodologies [1]. Therefore, existing studies can be dis-
tinguished by the environmental indicators employed, the
analytical approaches adopted, and the extent to which en-
vironmental degradation is measured in aggregate or dis-
aggregated terms.

A substantial strand of the literature relies on vari-
ous measures of environmental quality while assessing
the nexus between environmental-related technology and
environmental quality. For instance, a few studies use the
CO, emissions [17, 21, 22, 44]. However, CO, emissions
capture only one dimension of environmental pressure,
prompting researchers to advocate the ecological foot-




Villanthenkodath

print as a broader indicator that accounts for multiple di-
mensions of resource use and environmental degradation
[28, 31, 32, 45]. Nevertheless, even within the ecologi-
cal footprint literature, empirical evidence remains mixed
with regard to environmental-related technology and eco-
logical footprint. For example, Ref. [31] uses the ecologi-
cal footprint to gauge the environmental quality and found
that eco-friendly innovation degrades the environment for
38 countries. Conversely, by using “Driscoll-Kraay stan-
dard errors for long-run estimation and feasible general-
ized least squares (FGLS) and panel-corrected standard
errors (PCSE)”, the study by [32] underscores that eco-
friendly innovation improves the environmental quality by
reducing the ecological footprint for the ten largest ecolog-
ical footprint countries. Although the ecological footprint is
employed as an indicator of environmental quality in both
studies, a counterintuitive perspective emerges on the
relationship between the environment and environment-
related technology. These contrasting findings indicate that
differences in environmental indicators alone may not ex-
plain the observed inconsistencies, highlighting the need
to investigate how the innovation—environment relationship
evolves over time.

Although CO, emissions are widely used to mea-
sure environmental degradation, they primarily capture
the carbon-emission dimension of environmental pres-
sure. The ecological footprint provides a broader assess-
ment by accounting for human demand on biologically
productive land and resources. Examining its individual
components—built-up land (BL), carbon (CB), cropland
(CL), fishing grounds (FG), forest products (FP), and graz-
ing land (GL)—further helps identify whether the relation-
ship between environment-related technological innova-
tion and environmental sustainability varies across differ-
ent components of ecological footprint. This disaggrega-
tion is important because changes in one component may
not necessarily be accompanied by similar changes in oth-
ers. Therefore, analysing both aggregate and component-
wise ecological footprints can provide a more nuanced
assessment of the environmental implications of techno-
logical innovation than relying exclusively on conventional
emissions indicators.

One potential explanation for these mixed findings is
that the relationship between environment-related tech-
nological innovation and environmental quality may vary
across time horizons and frequency domains. Most exist-
ing studies rely on conventional time-domain econometric
techniques that assume constant long-run effects and ho-
mogeneous adjustment processes [21, 23, 31, 32, 45, 46].
In particular, such approaches may provide limited insight
into how the relationship evolves across different frequen-
cies and periods in response to technological diffusion,
environmental regulation, and economic fluctuations. Ac-
cordingly, the literature calls for analytical frameworks that
are capable of capturing both time- and frequency-domain
dynamics, for which wavelet coherence analysis attracts
much attention in recent literature [47]. This approach pro-
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vides an opportunity to investigate whether the relationship
between environment-related technological innovation and
environmental quality differs across short-, medium-, and
long-term horizons.

Moreover, despite the growing use of the ecological
footprint as a comprehensive indicator, the majority of em-
pirical studies treat it as an aggregate measure [23, 32,
33, 35, 45] which may conceal heterogeneous responses
across its underlying components such as “built-up land
(BL), carbon (CB), cropland (CL), fishing grounds (FG),
forest products (FP), and grazing land (GL).” Although few
studies have assessed determinants of the ecological foot-
print components [34], the time—frequency relationships
between environment-related technological innovation and
these individual components remain insufficiently explored
in the context examined here. Component-wise analysis is
therefore important for determining whether the relation-
ship observed for the aggregate ecological footprint also
characterizes its constituent environmental pressures.

In India, many studies assess the role of total tech-
nology innovation on environmental quality. For instance,
Ref. [48] find that total technology innovation improves en-
vironmental quality by using “autoregressive distributed lag
(ARDL), fully modified ordinary least square (FMOLS), and
dynamic ordinary least square (DOLS)” methods for the
period range 1981 to 2018, which has been further under-
lined by [18]. In contrast, Ref. [6] observes by using the
“autoregressive distributed lag (ARDL)” model that envi-
ronmental quality degradation due to technological innova-
tion, which in turn is consistent with other studies [37, 43].
Specifically, eco-friendly innovation collaboration on envi-
ronmental quality is assessed by [3] for the period between
1985 and 2016 using the ARDL model, which finds that
both eco-friendly innovation and total innovation collabo-
rations improve the environmental quality. These studies
indicate that the environmental implications of technologi-
cal innovation in India remain empirically inconclusive, re-
inforcing the need to examine the relationship using alter-
native environmental indicators and analytical approaches.

Given the importance of India’s environmental policy
and technological development context, examining this re-
lationship over time may provide additional insights into
how environment-related technological innovation is as-
sociated with environmental sustainability [49]. Despite
the mixed findings of existing India-specific studies, the
combined examination of environment-related techno-
logical innovation and both aggregate and component-
wise ecological footprints across time and frequency
domains remains insufficient. Accordingly, the present
study employs wavelet coherence analysis to investigate
the time—frequency relationships between environment-
related technological innovation and aggregate as well as
component-wise ecological footprints in India, which ex-
tends the existing literature by examining whether these
relationships vary across ecological footprint components
and evolve across different time and frequency domains.
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3. Data and Methodology

A couple of sources are used for collecting the
data for each variable in this study. First, the data for
the environment-related technology innovation (ERT) are
proxied by an index of patents related to the develop-
ment of environment-related technologies for India, which
is sourced from the OECD data explorer under the tech-
nology domain. Patent-based indicators are widely used
to represent technological innovation because they cap-
ture documented inventive activity and provide a mea-
surable indicator of efforts to develop environment-related
technologies. This measure is particularly relevant to the
present study because it enables the examination of the
relationship between technological innovation and ecolog-
ical footprint over an extended period. However, patent
counts do not necessarily reflect the commercialisation,
adoption, or diffusion of patented technologies, nor do
they directly measure their realised environmental bene-
fits. Furthermore, patents may differ in their technologi-
cal significance, and not all environment-related inventions
necessarily result in improvements in environmental qual-
ity. Therefore, the ERT indicator should be interpreted as a
proxy for environment-related inventive activity rather than
a direct measure of the actual deployment or environmen-
tal effectiveness of technological innovation.

Second, the Global Footprint Network (GFN) is used
for collecting data related to total ecological footprint
(EF) and its components i.e., “built-up land (BL), carbon
(CB), cropland (CL), fishing grounds (FG), forest prod-
ucts (FP), and grazing land (GL),” which are the indicators
of consumption-based ecological footprint and are mea-
sured in global hectares per person (gha per person). The
study spanned between 1990Q1 and 2022Q4, which was
primarily due to the availability of data for environment-
related technological innovation. Although the respective
sources give the data in annual frequencies for all the vari-
ables, the study quarterizes all variables under consider-
ation by using the Denton—Cholette temporal disaggrega-
tion method [50, 51].

3.1. Methodology

The wavelet coherence is applied to study how two
variables interact with each other by analyzing their re-
lationship through time and frequency variations. Unlike
traditional methods that maintain constant dependency
throughout the study period, this method identifies both
synchronized and opposing movements through its ability
to track changing relationship patterns at different frequen-
cies [47, 52, 53]. Moreover, this approach demonstrates its
main advantage through its capability to identify directional
connections while separating short-term movements from
long-term patterns and evaluating how different variables
react to unexpected external events and planned policy
modifications, which conventional econometric models fail
to capture [47]. It is worth noting that the analytical foun-
dation of wavelet coherence uses a bivariate continuous
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wavelet transform, which combines the coherence proper-
ties with the cross-wavelet transform [53].

Against this backdrop, the cross-wavelet transform
(CWT) of two time series z(t) and y(t) is defined as in
Equation (1), which follows the approach of [39].

Wi (u,s) = Wy (u, s) « Wil (u, s) (1)

where: W' (u,s) and W;'(u,s) denote the continuous
wavelet transforms of x(¢) and y(t), respectively. The as-
terisk (x) indicates the complex conjugate, s denotes the
scale (frequency-related) parameter, and u represents the
time (location)” parameter. The cross-wavelet transform
finds areas where two time series show a higher inter-
action in both time and frequency by measuring how the
variations of z(¢) and y(t) align at each period and across
different scales. In essence, the method tracks how the
two series evolve through time while showing their periods
of co-movement at different frequency ranges. However,
Equation (2) defines the wavelet squared coherence.

1S (s7 W= (u, 8))|2

R (u,5) = S(s=HW=(u,s)|?)S (s~ W¥(u,s)|?)

(@)

Here, the operator S provides data smoothing across
both time dimensions and different scale dimensions to
create stable calculation results, which leads to the wavelet
coherence through R?(u, s) values that range from 0 to 1,
as higher values indicate stronger interaction between two
series at a specific time and frequency. Values approach-
ing 1 (typically highlighted by warmer colors on a heat
map) indicate strong local co-movement, whereas values
near 0 signify weak or negligible association.

However, the output of the wavelet coherence plot is
further interpreted along two primary dimensions. First,
frequency scales, which are on the vertical axis of the co-
herence spectrum, where lower scales correspond to high
frequencies (short time horizons) and higher scales rep-
resent low frequencies (long time horizons). Specifically,
high-frequency or short-term scales represent rapid fluctu-
ations, noise, transient market shocks, or immediate short-
run reactions to external events. In contrast, medium-
frequency or medium-term scales capture cyclical dynam-
ics, intermediate policy adjustments, and medium-term
business cycle patterns, while low-frequency or long-term
scales reflect persistent macroeconomic trends, struc-
tural changes, and long-run equilibrium relationships. Sec-
ond, the phase differences, because R?(u, s) strictly non-
negative, it cannot distinguish whether the series moves
together or in opposite directions. Therefore, the phase
difference technique from [39] provides a method to de-
termine the alignment or inverse movement of the time se-
ries data using directional arrows on the coherence map.
In-phase relationships indicate arrows pointing to the right
(—), i.e., a positive correlation where variables move in the
same direction. In contrast, anti-phase relationships repre-
sent the arrows pointing to the left («), i.e., a negative
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correlation where variables move in opposite directions.
Additionally, the representation of lead/lag relationships
using the arrows pointing upward (*,\) or downward
(\y, ), i.e., specific series leads or lags the other in time.

4. Results and Discussion

Descriptive statistics of the study variables are re-
ported in Table 1, in which the total observations are
132 for each. The mean (median) value of ERT is 0.214
(0.208), whereas EF has an average value of 0.211.
Among the components of the EF, CB records the highest
mean value (0.108), followed by CL with a mean of 0.054.
BL, FP, FG, and GL show relatively low mean values. The
standard deviation values indicate moderate variability for
ERT, EF, and CB, while BL, FG, FP, and GL exhibit com-
paratively lower dispersion. Skewness values for most vari-
ables are positive, except for FP, which shows slight nega-
tive skewness.

In contrast, the kurtosis values indicate that ERT is
highly leptokurtic, whereas the remaining variables are
either mesokurtic or slightly platykurtic. Overall, the de-
scriptive statistics reveal notable heterogeneity across en-
vironmental indicators, which suggests that ERT, EF and
components of EF are time-varying and scale-dependent.
Therefore, tatic, time-averaged measures fail to capture
these dynamics, thereby motivating the use of wavelet
coherence analysis as it allows simultaneous examina-
tion of the strength and direction of co-movements across
short-, medium-, and long-run horizons. Further, visual
inspection of the trend plots in Figure 1 supports these
statistical properties, which show early-period spikes in
ERT with a subsequent stabilization. At the same time,
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total EF exhibits a steady upward trajectory with brief con-
tractions around the 2008 financial crisis and the 2020
pandemic. Among the EF components, CB and BL show
strong upward trends, whereas FP and GL decline persis-
tently, while CL and FG display cyclical fluctuations over
1990-2022.

Following the trand analysis, Pearson correlation re-
sults in Figure 2 indicate that ERT is significantly and nega-
tively associated with total EF, particularly through CB and
BL, which suggests a potential mitigation effect on carbon
and built-up land pressure. In contrast, FP shows a signif-
icant positive association with ERT, while CL, FG, and GL
exhibit weak and insignificant relationships, indicating that
static correlations may not capture their underlying dynam-
ics.

The results of the Pearson correlations provide ev-
idence of the general linear association between ERT
and EF and its components, but they are not informative
on the time-varying nature of these relationships. Thus,
the wavelet coherence between environment-related tech-
nology innovation (ERT) and ecological footprint (EF) is
shown in Figure 3, in which results reveal a clear time
and scale varying relationship across various economic
and policy regimes in India. During the period 1990-2000,
coherence was focused on short scales (around scale 4,
corresponding to about 1-year horizons). This pattern is
consistent with the post-1991 period of economic liber-
alization in India, which experienced rapid industrializa-
tion, infrastructure development and resource extraction,
in which early environmental technologies operated largely
as short-term reactive adjustments to immediate environ-
mental pressures.

Table 1. Descriptive statistics.

Statistic ERT EF BL cB CL FG FP GL
Mean 0.2140 0.2110 0.0080 0.1080 0.0540 0.0040 0.0340 0.0030
Median 0.2080 0.1950 0.0070 0.0970 0.0530 0.0040 0.0340 0.0030
Maximum 0.4610 0.2800 0.0100 0.1780 0.0620 0.0040 0.0400 0.0040
Minimum 0.1330 0.1630 0.0060 0.0580 0.0450 0.0030 0.0280 0.0020
Std. Dev. 0.0560 0.0370 0.0010 0.0370 0.0040 0.0002 0.0030 0.0004
Skewness 2.2760 0.3560 0.2830 0.2370 0.0400 0.3930 —0.1740 0.0860
Kurtosis 9.8940 1.6520 1.8280 1.6480 3.0770 2.6750 2.5060 2.0680

Observations 132 132 132 132 132 132 132 132

Note: ERT denotes environment-related technology innovation; EF represents ecological footprint and its
components—BL (built-up land), CB (carbon footprint), CL (cropland), FG (fishing grounds), FP (forest products),
and GL (grazing land).
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Figure 1. EF, ERT and EF component-wise trends.
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Action Plan on Climate Change of 2008. Since 2010, co-
herence has extended to scales 16—20 (approx. 4—5-year
horizon), revealing how technology adoption has increas-
ingly acquired a structured, medium-term lag as green
technology policies (e.g., energy efficiency mandates and
renewable energy targets) take years to mature and mani-
fest at the aggregate level.

Crucially, long-run interactions (scale 64) remain
weak or non-persistent. From an environmental economics
perspective, this confirms that efficiency gains from ERT
do not automatically yield permanent aggregate reduc-
tions in EF. Instead, the expansion of production and con-
sumption in a growing economy triggers a rebound effect
(Jevons Paradox), where macroeconomic scaling offsets
the environmental gains achieved through technological
innovation.

In the case of components of EF, the study finds from
Figure 4a that ERT responds to changes in built-up land
(BL) mostly in short horizons. At the same time, low coher-
ence (blue region) indicates weak correlation in medium
terms. In the short-term (scale around 4), in most years,
there are significant interactions between ERT and BL with
arrows mostly pointing right, suggesting ERT and BL move
in phase, i.e., ERT moves in phase with short-term urban-
ization pressures or land-use changes. Around 2017, on-
wards, the scale is extending to 16, while there is no signif-
icant relationship in the long run. This emerging medium-
term coherence aligns with India’s aggressive urban infras-
tructure push, including the Smart Cities Mission, housing
initiatives, and industrial corridor development [54]. As ex-
panding cities demand extensive capital investment and
material inputs, the environmental benefits of green con-
struction and smart infrastructure take several years to ma-
terialize, illustrating the operational lag between urban pol-
icy implementation and localized footprint mitigation.

Figure 4b shows that the relationship between ERT
and carbon (CB) footprint is significant for only a very
short-term horizon (mostly scale 1). Medium-term scales
(4—16) are mostly blue, indicating low coherence. Long-
term scales (64) show no significant coherence. This lack
of persistent medium- and long-term coherence highlights
a structural decoupling failure between technological in-
novation and aggregate emissions. In India, rapid expan-
sion in industrial production, transport electrification de-
mands, and overall electricity consumption continues to
offset per-unit energy efficiency gains. This outcome ex-
emplifies a macroeconomic Rebound Effect, where ther-
mal energy remains the baseline power source despite
aggressive renewable capacity deployment under the Na-
tional Solar Mission. As highlighted by the International
Energy Agency [55], the operational necessity of coal-fired
generation to meet base-load power limits the capacity of
short-term efficiency innovations to achieve sustained re-
ductions in aggregate carbon pressure.

This finding is consistent across the other compo-
nents, such as ERT and cropland (CL) footprint (Fig-
ure 4c), there is a strong coherence at very short-term
scales (scale 1-4) across most of the sample period, con-
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sisting of dominant red and yellow regions. Moreover, there
is a short-term in-phase relationship where ERT displays
a slight lead phase relative to cropland pressures, which
is evident from the arrows at these scales mostly point
to the right and downward after 2005. At medium-term
scales (approximately 4-16), the coherence is largely in-
significant, in addition to having no long-term meaningful
impact, as the regions of coherence lie outside the cone
of influence. This pattern reflects the structural dynam-
ics of India’s agricultural sector under the Green Revolu-
tion legacy, where technological advancements in micro-
irrigation, mechanization, and high-yield crop manage-
ment have raised productivity [56]. However, subsidized
energy and excessive, imbalanced fertilizer usage have
generated localized land degradation. Consequently, tech-
nological efficiency improvements fail to yield sustained re-
ductions in cropland footprint, as yield-enhancing innova-
tions simultaneously encourage agricultural intensification
and expanded cultivation scales.

Similarly, Figure 4d shows that a strong and persistent
coherence is evident at short-term scales (scale 1) with a
mostly in-phase relationship between ERT and the fishing
ground footprint. At medium-term scales (approximately
4—16), the coherence is largely weak or insignificant. Al-
though some areas of higher coherence appear at long-
term scales (around scale 64), these regions are located
outside the cone of influence. Technological improvements
in fishing equipment, vessel efficiency, and resource mon-
itoring can enhance productivity and management. How-
ever, greater harvesting capacity may also intensify pres-
sure on aquatic resources when regulatory controls are in-
adequate. From an environmental economics perspective,
this illustrates a potential rebound mechanism: technolog-
ical improvements that reduce the cost or increase the ef-
ficiency of harvesting may also encourage greater fishing
activity, limiting the environmental benefits of innovation.
Whether such efficiency gains translate into lower ecolog-
ical pressure, therefore, depends on the effectiveness of
resource-management institutions and harvesting restric-
tions.

Further, ERT and forest product (FP) footprint (Fig-
ure 4e) shows strong and persistent coherence in short-
term scales (scale 1—4), in addition to having an in-phase
relationship between ERT and forest product footprint, as
the arrows at these scales predominantly point to the right.
At medium-term scales (approximately 4—16), particularly
around the mid-sample period, several localized islands
of statistically significant coherence emerge with arrows
mostly pointing to the right and right-downward with a
medium-run in-phase relationship, with a slight lead—lag
structure. It is worth noting that coherence exists as an in-
termittent phenomenon, which demonstrates that medium-
term interactions fail to maintain their effects throughout
the study duration. The relationship between ERT and
forest products at high long-term scales (64 scale) ex-
ists outside the cone of influence, which indicates that
the relationship cannot be accurately understood because
of boundary effects. Technological innovation can reduce
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forest-resource requirements through recycling, material
substitution, and efficient processing. However, expand-
ing construction and industrial production may sustain de-
mand for forest products and offset these efficiency gains.
The relationship, therefore, depends not only on the avail-
ability of resource-saving technologies but also on whether
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material substitution, recycling, and improvements in pro-
duction efficiency are sufficient to offset rising demand.
This distinction is particularly important in a growing econ-
omy, where infrastructure development and industrial ex-
pansion can increase demand for materials even as pro-
duction processes become more efficient.
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Similarly, ERT and grazingland (GL) footprint (Fig-
ure 4f) shows that strong and persistent coherence is ev-
ident throughout much of the sample period (within scale
1) with a slight lead—lag structure since the phase arrows
at these scales predominantly point to the right and right-
downward, however, with large blue regions dominating
means that coherence is generally weak and intermittent
in medium-term scales (approximately 4—16). The high co-
herence lies outside the cone of influence on the long-term
scale, suggesting the possibility of edge effects in the for-
mation of any apparent long-run association. In India, tech-
nological improvements in livestock management, animal
health, and feed efficiency may reduce resource require-

ments per unit of output. However, expanding livestock
production can offset these gains and sustain grazing-
land pressure, which suggests that improvements in live-
stock productivity and resource efficiency should be dis-
tinguished from changes in the overall scale of livestock
production. Even if technological improvements reduce
resource requirements per unit of output, total grazing-
land pressure may remain substantial when production
expands or feed, and grazing practices remain resource-
intensive.

This dynamic perspective helps reconcile Indian evi-
dence showing both improvement [18, 48] and deteriora-
tion [6, 43] in environmental quality due to environment-
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related technological innovation. Given that environment-
related innovation in India is largely policy-induced, the
results support the view that the innovation—environment
nexus is inherently dynamic, non-linear, and sensitive to
time horizons.

Following the wavelet coherence analysis, the 20-
quarter rolling Pearson correlations with 95% confidence
intervals (Figure 5a,b) reveal substantial temporal vari-
ation in ERT-EF relationships. ERT generally shows
strong negative associations with total EF, CB, and BL,
whereas the 2007-2012 period exhibits a marked posi-
tive shift; FP maintains prolonged positive associations,
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while CL, FG, and GL display pronounced oscillations that
indicate considerable temporal and component-specific
heterogeneity.

Finally, cross-correlation analysis in Figure 6a,b iden-
tifies the lead—lag dynamics between ERT and EF indi-
cators, which reveals the significant negative associations
for total EF, CB, and BL across multiple lags, with the
strongest effects occurring around the contemporaneous
and subsequent periods. In contrast, FP shows positive
lagged associations, while CL, FG, and GL remain largely
within the confidence bounds, indicating weaker and less
persistent lead—lag relationships.
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5. Conclusion and Policy Implications

In this study, the relationship between time and fre-
quency of environment-related technological innovation
(ERT) and ecological footprint (EF) in India during 1990Q1
to 2022Q4 is explored using wavelet coherence analysis
(WCA). The results show that ERT is scale- and time-
varying and that the relationships between ERT and en-
vironmental pressure tend to be stronger at shorter time
horizons. Meaningful coherence in the aggregate EF is
seen at short to medium term scale only, while long-run
coherence is weak or non-existent. The phase patterns
represent the relative lead—lag relationships between the
variables in both the time and frequency domains, and the
relative lead—lag relationships are not uniformly the same
in time and frequency domains throughout the sample pe-
riod, meaning that environmental pressure and technologi-
cal innovation are not necessarily synchronously evolving.
Such patterns should, however, be considered as time—
frequency associations and not as evidence of causality.

The component-wise analysis also yields significant
differences between the relationships of ERT and environ-
mental pressure. The coherence pattern of built-up land,
carbon footprint, cropland, fishing grounds, forest prod-
ucts, and grazing land varies over time and frequency.
There are increasing short-term coherence trends found
in some of its components, for instance, in land use (crop-
land), biological resources (fishing grounds, forest prod-
ucts, and grazing land).

Stronger short-term coherence is observed across
several components, particularly those associated with
land and biological resources, including cropland, fishing
grounds, forest products, and grazing land. In contrast,
medium-term coherence is generally weaker or intermit-
tent, while apparent long-scale coherence in several fig-
ures lies outside the cone of influence and therefore can-
not provide reliable evidence of persistent long-run rela-
tionships. By comparison, in most results, the medium-
term coherence is either weak or absent, and apparent
long-scale coherence in several of the results is outside
the cone of influence and is not sufficient to demonstrate a
persistent long-run coherence. In summary, the results in-
dicate that the environmental consequences of innovation
in technology vary for various components of the ecolog-
ical footprint and time scales. Also, the lack of long-run
coherence in most of the relations suggests that techno-
logical innovations cannot be relied on to bring about con-
tinued environmental pressure reductions.

Thus, the theoretical implications of the study are that
it adds to the environment-related innovation literature by
spotting the significance of time- and frequency-dependent
relationships in the study of the relationship between in-
novation and the environment. The findings validate the
assumption that technology innovation in the environmen-
tal domain results in uniform and constant improvements
in the environment. Rather, the fact that the patterns ob-
served are consistent with the idea that technological in-
novation is linked to economic growth, resource demand
and sector-specific production processes in a time-varying
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manner. Efficiency gains can go hand in hand with grow-
ing environmental pressure, if the pressure of production
and consumption is increasing and resource savings are
diminishing. The results also show that assessing ecolog-
ical footprints by components can mask significant varia-
tions in the nature and extent of the environmental pres-
sures on land, on carbon, and on resources. The study,
therefore, emphasizes the use of the analytical power of
the integration of aggregate and component-wise environ-
mental indicators and of time—frequency methods to gain a
finer-grained knowledge of the relationship between tech-
nological innovation and environmental sustainability.

The results have a few policy implications relating to
environmental policy in India. First, the short-term links
observed and the different lags and leads indicate the
need not only for reactive but also for anticipatory envi-
ronmental governance. Incorporating forward-looking envi-
ronmental standards, ecological monitoring systems, and
proactive regulatory measures can help identify new envi-
ronmental pressures and help develop and adopt cleaner
technologies. Second, policy tools like targeted innovation
grants, tax incentives, green public procurement and well-
designed subsidies should be assessed on multiple time
horizons—not assuming that the spillovers of technology
will automatically lead to long-term environmental gains.
Third, the diversity of the components of the ecological
footprint requires sectoral approaches. In agriculture, poli-
cies may assist in resource-efficient irrigation, sustainable
use of inputs and better crop husbandry. In order to sup-
port the technological upgrading in fisheries and forestry,
resource monitoring, harvesting controls, sustainable re-
source management practices, and material substitution
and recycling incentives must be in place. Urban devel-
opment and built-up land must be planned and built tak-
ing into account environmental factors. Fourth, the lack of
strong or consistent medium and long-term links highlights
the need for complementary actions such as sound envi-
ronmental regulation, institutional capacity, policy stability
and behaviour change to promote sustainable production
and consumption. A coordinated strategy that integrates
technological innovation with these other actions will be
more likely to yield continued environmental progress than
will a strategy focused solely on innovation.

Despite this, there are a few limitations in this study,
which can serve as a basis for further research. First,
the analysis is limited to India, and the identified relation-
ships may not be generalisable to economies with varying
technological capabilities, industrial structure, energy sys-
tem, environmental institutions and so on. Future research
might be able to use the same approach for other emerg-
ing economies, or a cross-country comparison could be
conducted to see if the patterns identified are country-
specific or more widespread. Second, wavelet coherence
finds time-varying associations and relative phase relation-
ships, but not causal effects. Future studies may use time—
frequency analysis in conjunction with other econometric
techniques to explore the causal relationships identified.
Third, the ecological footprint and its elements reflect key
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elements of environmental pressure, but do not reflect all
aspects of environmental quality. Future studies may in-
clude other indicators (such as pollutant emissions, bio-
diversity indicators and resource-depletion indicators) to
determine if results are similar under other indicators. Fi-
nally, the coherence observed in the larger scales could
be influenced by the edge effects and the limited number
of longer-horizon fluctuations within the sample. The con-
tinued relationship between innovation and the environ-
ment may be further substantiated from future empirical
studies with more data, different measures of innovation,
and other combinations of time—frequency specifications.
Such extensions would assist in elucidating the conditions
under which environment-related technological innovation
can make contributions to sustainable environmental as-
pects.
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