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Abstract—Neural Radiance Fields (NeRFs) are widely adopted
for novel view synthesis and 3D scene reconstruction. How-
ever, their training is computationally demanding and energy-
intensive, particularly for satellite imagery variants that have
high model complexity. While prior work has largely focused
on improving runtime or memory usage, the actual energy
consumption of NeRF training remains largely unexplored.

This paper presents Eco-NeRF, a cloud-to-edge energy-aware
pipeline for NeRF-based satellite reconstruction. We first char-
acterize energy consumption across multiple NeRF variants on
satellite imagery, jointly analyzing training energy, runtime, and
reconstruction accuracy. We observe that backward propaga-
tion dominates training cost, yet many gradient updates are
redundant. Building on this insight, we introduce a selective
backpropagation strategy that reduces training energy by up to
30% with negligible impact on reconstruction quality. We further
apply knowledge distillation to compress models to 20% of their
original size and evaluate edge-side inference on the Jetson Orin
platform, achieving a 70% inference energy reduction and a
3.2x latency improvement with only modest quality loss. Our
results demonstrate that energy-aware optimization is effective
throughout the NeRF lifecycle, from cloud training to edge
deployment.

Index Terms—Neural Radiance Fields, energy-aware training,
edge deployment, knowledge distillation, satellite imagery

I. INTRODUCTION

Neural Radiance Fields (NeRFs) have emerged as a pow-
erful paradigm for realistic novel view synthesis and 3D
scene reconstruction across diverse settings including syn-
thetic objects, real-world indoor-outdoor scenes, and large-
scale aerial imagery [1], [2]. More recently, NeRFs have
been adapted for remote sensing and satellite imagery, with
variants incorporating sensor geometry, uncertainty estimation,
and shadow modeling to enable 3D reconstruction from sparse-
view satellite images [3]-[5]. However, these satellite-specific
models introduce high computational demand, making energy
consumption a critical concern. This is especially important for
edge deployments for satellite imagery processing, which often
operate under strict power constraints and in remote locations
with limited power availability.

Despite growing interest in efficient NeRF training, prior
work has largely focused on reducing wall-clock time or
memory usage through architectural innovations such as hash-
encodings, tensor factorization, and voxel-based representa-
tions [6]-[10]. While these approaches accelerate training, they
rarely measure or report actual energy consumption. A recent

study analyzes NeRF’s energy footprint [11], but remains
diagnostic in nature without proposing optimization strategies.
As a result, the true energy consumption of NeRF training
remains largely underexplored.

To address this gap, we begin by characterizing energy
consumption during NeRF training. A key observation is
that backward propagation dominates training, accounting for
about 47% of iteration time, which is more than twice that of
forward passes (Table I in Section II). Prior work has shown
that many of these gradient updates are redundant in deep
learning [12] and NeRF training [13], but without quantifying
energy savings. This suggests that selectively computing gradi-
ents only for informative rays can substantially reduce energy
consumption without sacrificing reconstruction quality.

Building on this observation, we present Eco-NeRF, a
cloud-to-edge energy-aware pipeline for NeRF-based satellite
reconstruction. Our approach operates in three stages: (1)
during training, we apply selective backpropagation (SBP) that
identifies high-impact rays based on reconstruction loss and
geometric cues; (2) after training, we compress the model
via knowledge distillation; and (3) the compressed model is
deployed on edge devices for energy-efficient inference.

Our evaluation on four satellite scenes shows that Eco-NeRF
achieves 29% — 31% training energy reduction by computing
gradients for only 50% of rays, with negligible quality loss
(APSNR < 0.45 dB, ASSIM < 0.003). For edge deployment,
model compression reduces model size to 20% of original
parameters and yields 70% inference energy reduction and
3.2x latency improvement with only modest quality loss.
These results highlight the importance of energy-aware design
for NeRF deployment.

Specifically, we make the following scientific contributions:

o An energy-aware benchmark of NeRF-based models
for satellite imagery, jointly analyzing training energy,
runtime, and reconstruction accuracy across multiple
scenes and model variants.

« A selective backpropagation strategy for NeRF train-
ing that prioritizes informative rays based on reconstruc-
tion loss and geometric cues, reducing training energy by
up to 30% without observable quality degradation.

o A knowledge distillation-based compression pipeline
that reduces model size to ~20% of original parameters
while preserving practical reconstruction quality.



o A cloud-to-edge deployment validation on the Jetson
platform, characterizing inference latency and energy
consumption under realistic edge IoT constraints.

The remainder of this paper is organized as follows. Section

II provides background on NeRFs and identifies energy bottle-
necks in training. Section III presents the Eco-NeRF pipeline,
including SBP and model compression. Section IV evaluates
our approach on satellite imagery. Section V discusses our
findings, and Section VI concludes.

II. BACKGROUND AND MOTIVATION
A. Neural Radiance Fields (NeRFs)

NeRFs represent a scene as a continuous volumetric func-
tion and map a given spatial location and viewing direction
to color and volume density enabling realistic novel view
synthesis. Given a camera ray, r(t) = o + td, the rendered
color can be obtained from the following volume rendering
equation:

C) = [T ole(t) elx(t). ) dr.

n

T(t) = exp (— /t t o(x(s)) ds)

where o denotes volume density and c the view-dependent
radiance [1]. While the original NeRF formulation assumes
static scenes with consistent illumination, several variants,
such as NeRF-W [14], S-NeRF [4], Sat-NeRF [3], intro-
duce modifications to address illumination variation, transient
factors, uncertainty estimation and shadow-awareness. They
extend the application scope from a wide range of on-the-go
photography to large-scale satellite images. Even though these
variants improve reconstruction quality, they also increase
model complexity and training time, which leads to further
energy costs.

B. Identifying Energy Bottlenecks in NeRF Training

Despite recent advances in accelerating NeRF training,
the energy implications of training remain underexplored. To
identify dominant factors contributing to the runtime and
energy impact, we profile the NeRF training pipeline on
NVIDIA RTX-A6000 using PyTorch Lightning’s built-in pro-
filer. The results reveal that backward propagation consistently
dominates execution time, accounting for ~45% of the total
iteration cost (Table I), exceeding the costs of the model
forward pass and other training components. The remaining
runtime is dominated by optimizer bookkeeping, validation
passes, and framework overhead, which lie outside gradient
computation.

Since GPU power draw closely aligns with active compute
time, this observation directly translates into backpropagation
being the primary energy bottleneck during NeRF training.
Existing NeRF optimization efforts largely target architectural
choices, sampling strategies, or faster convergence [6]-[8],
[15]. However, energy consumption is considered an implicit
by-product of reduced runtime and is rarely quantified directly

TABLE I
RUNTIME BREAKDOWN OF SAT-NERF TRAINING (JAX-068)

Training Phase Runtime Share (%)

19.93
46.60

Forward pass (model_forward)
Backward propagation (backward)

in existing NeRF literature for optimization strategies. Some
studies that highlight the energy impact are diagnostic in
nature, without coupling it with an effective optimization
strategy. In contrast, our profiling analysis motivates a targeted
energy-aware optimization of backward computation without
modifying model architecture. To the best of our knowledge,
few studies jointly analyze energy profiles and optimization
strategies for NeRFs, particularly in cloud-to-edge settings
relevant to satellite [oT deployments.

C. Previous Advancements and Limitations

A large body of work accelerates NeRF training and infer-
ence through architectural, representation-level, or sampling-
based optimizations [6]-[10], [15]. However, they primarily
focus on forward computation and do not explicitly analyze
or target training-time energy consumption, particularly the
cost of backward propagation. Several existing works have
emphasized the impact of backward propagation on the com-
putational overhead [12]. However, such studies based in the
context of NeRF are very limited. Studies which suggest
alternative backpropagation strategies for NeRF [13], do not
always quantify the energy impact. A few existing works
have explored the energy impact of Neural Radiance Fields.
While some of them [16], [17] explore the energy impact of
a substantial redesign of NeRF architecture using a spiking
neural network, others are purely diagnostic [11] in nature
and do not couple an optimization strategy for NeRF training
with energy impact analysis. Prior work has also explored
edge-based NeRF acceleration focused on inference efficiency
[18]. However, our work targets the NeRF training itself to
reduce energy consumption without changing model architec-
ture. Moreover, we also demonstrate the feasibility of NeRF
inference on edge with energy impact analysis to provide an
optimized energy-aware life-cycle.

III. Eco-NERF: ENERGY-AWARE CLOUD-TO-EDGE
PIPELINE

A. Problem Formulation

While backward propagation remains a significant contribu-
tor to the energy impact, NeRF training involves other factors,
including scene characteristics, architectural choices, etc. A
key challenge is to determine how these factors interact with
training dynamics and contribute to the total energy footprint.
Even though our profiling results indicate that optimizing
backward propagation should be effective, naive sub-sampling
of rays can degrade reconstruction quality. Hence, an optimal
ray selection strategy is required to prioritize informative rays.
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Fig. 1. Eco-NeRF Pipeline with selective backpropagation (SBP): A full-batch forward-only probe is performed periodically to update cached ray importance,

while gradients are computed only for a selected subset of rays during training.

Furthermore, efficient deployment requires reducing inference-
time cost on resource-constrained edge devices without sacri-
ficing performance. Based on these challenges, we study and
address the following research questions:

RQ1: Beyond backward propagation, which factors most
strongly influence NeRF energy consumption?

RQ2: How can selective backpropagation be designed to
reduce training-time energy and carbon footprint while main-
taining reconstruction accuracy?

RQ3: How can model compression via knowledge distillation
preserve these energy savings during edge inference?

To address the above, first, we do an energy analysis on our
baseline models without any optimization to identify contribut-
ing factors. Second, we discuss our ray selection and SBP
strategy with explanations for our design choices. And finally,
we show that knowledge distillation on the original model
compresses and preserves most of the original performance
while reducing model size and inference energy.

B. Energy-aware Training

Eco-NeRF is an end-to-end, energy-aware cloud-to-edge
pipeline for training and deploying NeRFs. Figure 1 provides
a clear overview of the system. The pipeline has three stages.

1) Stage 1 : Training with SBP: Eco-NeRF alters the
standard NeRF training with an SBP strategy which reduces
backward-pass computation without changing the NeRF ar-
chitecture. This is possible with the help of the following two
components.

a) Ray Selection Algorithm: Algorithm 1 selects a subset
of informative rays based on their estimated contribution to the

Algorithm 1 Loss-driven Ray Selection (SBP RaySelector)
Require: Per-ray predictions ¢;, GT colors c;, (optional)
weights w;; keep ratio p

1: K < max(1, [pB])

2 e; mean((éi — c,;)2) > per-ray RGB MSE (hardness)

3: a; < OPACITYPROXY(W;) » if unavailable, set a;; = 1

4: s; + GEOMCUE(w;) > surface/ambiguity cue (optional)

5. SCORE; < €; - g(a;) + As; > loss + validity/geometry

6: Thara < TOPK(SCORE, K (1 — %))

7: Trand < UNIFORMSAMPLE({1..B}, Kv) © anchors for
stability

8: Z < UNIQUE(Zhara U Zrana)

9: return Z >|Z] =K

training loss. Each ray is assigned a difficulty score based on
its reconstruction error, modulated by an opacity-based validity
proxy and a lightweight geometric cue. These terms down-
weight rays traversing empty space while prioritizing rays with
informative geometry. The highest-scoring rays are selected
and a small fraction of rays is drawn uniformly at random and
merged with the difficult set to preserve stability and prevent
sampling bias.

b) Selective Backpropagation (SBP): Algorithm 2 imple-
ments SBP by limiting gradient computation to a subset of
informative rays. The indices produced by the ray selection
algorithm are cached and reused across multiple training
iterations. Periodically, a full forward-only probing pass is
performed to refresh the cache without gradient tracking.



Algorithm 2 Selective Backpropagation (SBP)

Require: Ray batch (r,c¢) of size B, keep ratio p, warmup
steps T,
Ensure: Training loss £

Lt—t+1 > global step

2: K + max(1, |pB])

3. ift <T, or p=1 then

4 g folr)

5: L« Loss(g,¢)

6: Backpropagate through £

7: else

8: Periodically run a forward-only probe to score rays
9: Select top-K informative rays (with random anchors)
10: Uk « fo(rk)

11: L+ LosS(Jk, ck)

12: L+ L- % > rescale

13: Backpropagate only through selected rays
14: end if
return £

During regular training steps, gradients are computed only for
the selected rays with the loss rescaled to match full-batch
magnitude.

Training-time energy consumption is monitored throughout
Stage I at the cloud side, capturing the impact of SBP on GPU
utilization, runtime, total energy draw, and carbon footprint.

2) Stage II: Model Compression: In this stage, knowledge
distillation is used to transfer scene-specific representations
from the full-capacity teacher (8 layers, 512 hidden units) to
a smaller student. Intuitively, instead of learning only from
ground-truth images, the student is guided by the teacher’s
predictions, allowing it to approximate the behavior of a larger
network with fewer parameters. The smaller student network
has reduced depth and width (6 layers, 256 hidden units) but
follows the same architectural structure as the teacher. It is
trained using the standard NeRF color reconstruction loss,
augmented with an auxiliary knowledge distillation term that
encourages the student’s RGB predictions to match those of
the frozen teacher using mean squared error (MSE).

3) Energy-aware Edge Inference: The compressed model is
then used for forward-only inference on resource-constrained
edge devices. Since inference requires only forward passes
(without gradient computation), this stage evaluates how
model compression translates into reduced runtime and energy
consumption under practical deployment conditions. During
edge inference, we measure reconstruction quality, latency, and
energy usage.

IV. EVALUATION
A. Experimental setup
1) Dataset: We evaluate Eco-NeRF using four scenes from
the 2019 IEEE GRSS Data Fusion Contest dataset [19], which
consists of Maxar WorldView-3 satellite imagery collected
between 2014 and 2016 over Jacksonville, Florida, USA. We
use scenes JAX-004, JAX-068, JAX-214, and JAX-260 for our

results. For each scene, RGB image crops of approximately
800x800 pixels at a spatial resolution of 0.3 m/pixel at nadir
are used. This corresponds to a ground coverage of 256x256
meters.

2) Model configurations: We evaluate the Eco-NeRF
pipeline using three NeRF-based models with increasing com-
plexity: NeRF, S-NeRF, and Sat-NeRF [1], [3], [4].

NeRF [1] is the baseline model that represents a scene using
an MLP mapping 3D coordinates and viewing directions to
color and density, trained using a photometric reconstruction
loss. S-NeRF [4] extends NeRF with shadow-aware illumi-
nation modeling. Sat-NeRF [3] further incorporates satellite-
specific camera models based on rational polynomial coef-
ficients (RPCs) and uncertainty-aware loss weighting, intro-
ducing the highest model complexity. IC9600 [20] complexity
metric is used to calculate scene complexity.

3) Training setup: All models are trained with the same
Adam optimizer for fair comparison, learning rate 0.0005,
batch size 1024, chunk size 5120, and a fixed budget of 300000
training steps. Eco-NeRF enables SBP after 200 warm-up
steps, keeping only 50% of the rays for gradient computation.
The forward-only probe interval is scheduled adaptively during
training, using frequent probing in early stages (every 1-10
steps) and gradually increasing to a fixed interval of 50 steps
in later training to amortize the cost of full-batch evaluation.
The loss is scaled by B/K to match full-batch magnitude.

4) Hardware and System configurations: All training ex-
periments are conducted on a single NVIDIA RTX A6000
GPU (48 GB memory) per run, using CUDA 12.2 and driver
version 535. Training jobs are restricted to a single GPU
to ensure consistent and fair energy measurements across all
configurations.

For edge inference evaluation, we use NVIDIA’s Jetson Orin
Nano platform, representing a resource-constrained edge plat-
form. Jetson Orin Nano has the Ampere architecture with six
Cortex-A78AE cores, 1024 CUDA cores, and 8GB LPDDRS
memory. Models trained in the cloud are transferred to the
Orin Nano to measure inference-time performance and energy
consumption under realistic deployment conditions.

5) Energy Measurement: Energy consumption and carbon
footprint are measured using CodeCarbon [21] and verified
with CarbonTracker [22]. Carbon emissions are measured
using CodeCarbon, which reports total C'Os-equivalent emis-
sions (kgC'Oqe) based on measured energy consumption and
carbon intensity of regional electricity. On the Jetson Orin
Nano, inference energy is measured using tegrastats.

B. Baseline Results

In this section, we characterize the energy cost of baseline
training, while the resulting profile helps both quantify the
impact of the model and identify major energy contributors.
Figure 2 visualizes the energy-accuracy trade-off. Sat-NeRF
consistently achieves the best reconstruction quality, improv-
ing PSNR by up to +9.33 dB over NeRF (JAX-004), but at a
significantly higher energy cost. Across all scenes, SatNeRF
consumes approximately 41% — 43% more training energy
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than NeRF. S-NeRF lies between these extremes, offering
moderate quality gains with intermediate energy consumption.
These show that higher fidelity requires a higher energy trade-
off (Figure 2).

Energy consumption is also strongly architecture dependent
and has a weak relationship with scene complexity as dis-
played in Figure 3. Finally, Figure 4 shows that irrespec-
tive of architecture and data, GPU computation dominates
overall energy usage. Combined with our profiler results
(Table I), these observations identify backward propagation as
the dominant bottleneck during training, and GPU-intensive
forward computation in complex architectures as the primary
bottleneck during inference, both in terms of runtime and
energy. Baseline Sat-NeRF training emits 1.53-1.61 kg CO-
per scene. Carbon emissions mirror training energy across
models, with Sat-NeRF highest and NeRF lowest.

These results motivate the need for intentional optimization
that targets dominant costs without performance degradation.

C. Eco-NeRF Results

In this section, we evaluate the Eco-NeRF pipeline, showing
the effectiveness of SBP across four satellite scenes (JAX-
004, 068, 214, 260), focusing on training energy, runtime,
and reconstruction quality of the most complex model, Sat-
NeRF. Figure 5 decomposes the training into forward and
backward phases, revealing that compared to baseline, SBP
substantially reduces backward computation, which dominates
the baseline training. Figure 6 presents the main result where
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TABLE II
EFFECT OF SBP ON TRAINING EFFICIENCY AND RECONSTRUCTION
QUALITY FOR SAT-NERF. VALUES REPORT PERCENTAGE REDUCTIONS IN
ENERGY, CARBON AND TIME, AND ABSOLUTE CHANGES IN
RECONSTRUCTION METRICS (SBP MINUS BASELINE).

Scene Energy | (%) CO2 | (%) Time | (%) APSNR ASSIM AMAE

004 29.13 29.1 26.76 —0.25 —0.0024 +0.042
068 30.50 30.5 27.58 —0.09 —0.0022 —0.054
214 30.60 30.7 27.49 —0.45 —0.0031 —0.016
260 30.91 30.9 28.01 —0.02 —0.0001 —0.081
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Fig. 5. Effect of EcoNeRF on forward and backward training phases:
While training is dominated by the backward propagation time, SBP substan-
tially reduces the backpropagation duration and thereby reduces total training
time.
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Fig. 8. Qualitative comparison: Baseline vs SBP: Both SBP RGB and DSM predictions for JAX-068 using Sat-NeRF, match baseline predictions.

SBP consistently shifts each operating point from baseline
to Eco-NeRF downward with minimal horizontal shift, in-
dicating minimal accuracy drop with steady energy savings.
Quantitatively, SBP achieves 29% — 31% energy savings and
26% — 28% runtime reduction across all scenes (Table II),
while incurring only negligible changes in PSNR (< 0.45 dB),
SSIM (< 0.0031), and MAE (< 0.081). Additionally, SBP
consistently reduces estimated carbon emissions by up to 31%
across Sat-NeRF scenes. This shows SBP as a Pareto-efficient
mechanism leading to Eco-NeRF’s effectiveness. Table III
shows a generalization check across less complex models

(NeRF and S-NeRF) using scene 260. This shows that the
savings, though present, are less pronounced in these models.
Figure 7 confirms that SBP preserves training stability and
tracks baseline performance closely. In fact, the depth-aware
ray selection provides up to 3.85% better MAE compared to
the baseline. Finally, qualitative results show visually indis-
tinguishable RGB and DSM predictions despite large energy
savings (Figure 8).

D. Edge Inference Results

The inference is evaluated using compressed models on
resource constrained jetson edge devices, comparing them
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Fig. 10. Qualitative comparison of edge outputs: Baseline Full vs Compressed: Compressed model has preserved the majority of the reconstruction

quality of the full model.

TABLE III
GENERALIZATION OF SBP TO LIGHTER NERF VARIANTS. PERCENTAGE
REDUCTIONS IN TRAINING ENERGY AND TIME, AND ABSOLUTE CHANGES
IN RECONSTRUCTION METRICS (SBP MINUS BASELINE).

Model Scene Energy | (%) Time | (%) APSNR ASSIM AMAE

S-NeRF 260 28.01 25.29 —0.19 +0.0030 —0.0667
NeRF 260 19.82 11.92 +0.52 +40.0208 +-0.154

against the full Sat-NeRF models in terms of per-view in-
ference energy, latency, and reconstruction quality. Figure 9
visualizes the main energy-accuracy trade-off for the com-
pressed models. Across all scenes, model compression yields
a 70% reduction in inference energy with only a marginal
degradation in PSNR (< 1.05dB), SSIM ( < 0.014), and
MAE (< 0.64). This confirms that most of the representational
capacity of the full model is retained despite a 5x parameter
reduction (2.6M — 0.5M) achieved by reducing network depth
and width in stage-II. Qualitative comparisons in Figure 10
confirm that both RGB appearance and the DSM structure
remain visually consistent with the baseline. Figure 11 shows
the reduction in inference energy due to the compression.
Figure 12 further shows that compression reduces latency
by up to 3.2x, enabling fast, energy-aware real-time edge
deployment.
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V. DISCUSSION

Our results indicate backward propagation, GPU compu-
tation, and architectural complexity to be the sources of the
primary runtime and energy bottleneck during NeRF training.
Our SBP addresses this issue by selectively reducing backward
computation while preserving informative gradients, producing
comparable reconstruction with improved geometry at up to
30% less energy.
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Fig. 12. Latency Comparison, Baseline vs Compressed: Compressed model
reduces latency up to 3.2x.

The effectiveness of SBP is highly influenced by model
complexity. Although backward propagation accounts for a
substantial portion of training cost across all NeRF vari-
ants, Sat-NeRF amplifies this effect by introducing additional
prediction heads (sun visibility, sky color, and uncertainty),
increasing both gradient diversity and redundancy; SBP there-
fore targets a larger portion of low-impact backward compu-
tation in Sat-NeRF, resulting in greater relative energy savings
compared to lighter variants.

At inference time, backward computation is absent, and
efficiency is instead governed by forward-pass complexity.
Here, model compression, being the dominant optimization
strategy, directly reduces latency and energy on edge devices.
Together, SBP for training and compression for inference
form a unified, phase-and-energy-aware optimization pipeline
spanning cloud training to edge deployment.

VI. CONCLUSION

In this paper, we present Eco-NeRF, an energy-aware NeRF
training and deployment pipeline that targets the dominant
sources of computational and energy cost in NeRFs. By
using SBP, Eco-NeRF reduces training-time energy, while
model compression leads to reduced energy for edge infer-
ence. Across multiple scenes and model variants, our results
demonstrate consistent energy savings, highlighting the need
for an energy-aware lifecycle for NeRF models.

Future work will extend our evaluation to diverse geo-
graphic regions, additional GPU architectures, and alternative
compression strategies (e.g., pruning and quantization), as
well as explore adaptive feedback-driven SBP policies that
dynamically balance energy and accuracy.
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