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Abstract

This paper presents GreenCam, a solar-powered smart traffic cam-
era design. It applies deep reinforcement learning to learn a policy
that controls battery charging and switches in situ inference among
various deep neural network models with different accuracy and
power profiles in the presence of power intermittency. Its cost func-
tion accounts for the amortized embodied carbon emissions carried
by the added photovoltaic panel and battery. Evaluation driven by
real data traces shows that, compared with the conventional on-
grid design, GreenCam achieves similar quality of service, reduces
carbon emission by 72%, and thus curtails three to four trees to be
planted for neutralizing the carbon emission of each traffic cam-
era installation. GreenCam also outperforms other solar-powered
designs that adopt straightforward, heuristic, or ablated policies.

CCS Concepts

« Computer systems organization — Embedded and cyber-
physical systems; « Hardware — Energy generation and storage;
« Social and professional topics — Sustainability.
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1 Introduction

Intelligent transportation systems (ITS) are essential to smart cities.
As a fundamental component of ITS, camera-based traffic mon-
itoring enables traffic signal control, infrastructure support for
pedestrians and autonomous vehicles, congestion prevention and
resolution, road network planning and retrofitting. Singapore is
now operating around 1,100 traffic cameras [12]. Recently, convo-
lutional neural network-based artificial intelligence (AI) has been
integrated into cameras to achieve automated traffic analysis [7, 9].

However, the mission criticality and the power overhead of the
in situ Al computing require a stable power supply and engender
a negative environmental implication due to the related carbon
emissions. First, limited grid coverage, especially in suburban areas,
restricts the deployment of smart traffic cameras. The power grid
access requirement will also limit temporary, swift deployments
for event traffic control. Second, regarding the carbon overhead,
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considering a low power of 13.7 W per device (e.g., the HoloSens
SDC [9]) and the electric grid carbon intensity of 480 gCO,/kWh in
Singapore [4], each device emits 57.6 kgCO, annually. To neutral-
ize this emission, several trees would be needed given each tree’s
25kgCO,/year average absorption rate [1]. However, it takes years
to grow trees and achieve the required absorption capability.

The above issues generate an inquiry regarding the feasibility
and benefits of solar-powered, battery-assisted smart traffic cam-
era. Although renewable energy-based systems provide the general
“greener” promise, for this smart traffic camera application, the
potentially undermined serviceability due to the inherent intermit-
tency of solar power and the possible embodied carbon pitfall due
to say the overprovisioning of photovoltaic (PV) panel size and
battery capacity for guaranteed serviceability, are two new factors
requiring a quantitative investigation. Note that both the added
PV panel and battery carry embodied carbon emissions, which are
produced during their manufacturing, transportation, and disposal.
For the investigation, we propose GreenCam, a solar-powered smart
traffic monitoring system designed to optimize a metric jointly cap-
turing carbon emissions and serviceability that is modeled by the
product of monitoring accuracy and availability. With GreenCam,
we can evaluate the carbon-versus-serviceability Pareto frontier
under various realistic configurations of PV panel size and battery
capacity, in the context of a specified solar irradiance profile.

GreenCam considers both workload adaptation and battery man-
agement. The former switches among multiple AI models of dif-
ferent sizes based on the battery energy level. Following from the
general trend that larger models offer higher accuracy but require
more energy, this Al model switching enables GreenCam to bal-
ance traffic monitoring accuracy and availability under finite energy
budgets in the pursuit of serviceability. The latter, i.e., battery man-
agement through the control of the battery charging switch, aims
at reducing the amortized embodied carbon emission (AECE) by ex-
tending the battery’s operational lifespan. This follows from the
facts that the charging and discharging processes generate heat
due to the battery’s internal resistance and the battery’s operating
temperatures affect its capacity degradation and thus lifespan [10].
Specifically, extreme battery temperatures would increase AECE.
Therefore, GreenCam aims at managing the battery temperature
through charging process control for greening the system.

Workload adaptation and battery management jointly affect
GreenCam’s carbon emission and serviceability. Specifically, the
charging strategy determines AECE and the battery energy level,
which constrains model selection for monitoring accuracy and mod-
ulates service availability under intermittent solar power. Moreover,
owing to battery storage and the stochasticity of the solar power
and traffic, the problem is a decision process for a dynamic sys-
tem. GreenCam employs deep reinforcement learning (DRL) to
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learn a joint policy for regulating Al model switching and battery
charging control, in order to optimize the joint metric capturing
carbon emission and serviceability. We conduct simulations based
on realistic settings and real-world traces to evaluate the proposed
GreenCam and four baselines in the context of Singapore. The eval-
uation results show that an NVIDIA Jetson Orin-based GreenCam
reduces carbon emission by 72% compared with the conventional
on-grid design. This translates to planting three to four fewer trees
in neutralizing the carbon emission of each traffic camera instal-
lation. GreenCam also outperforms three off-grid designs due to
its optimal policy. Sensitivity analysis shows that 1.5 m? PV panel
and 0.5 kWh battery capacity are good configurations for Jetson
Orin-based GreenCam in Singapore’s context.

Paper organization: §2 and §3 present the design and evaluation
results of GreenCam, respectively. §4 discusses related work. §5
concludes this paper.

2 Design of GreenCam

GreenCam is an off-grid, Al-driven traffic monitoring system de-
signed to operate solely on solar energy. It integrates solar energy
harvesting, battery storage, and on-device Al inference. It employs
a DRL controller to manage energy usage and inference workload
online, in order to achieve continuous and low-carbon operations.
In this section, §2.1 overviews the system design; §2.2 analytically
models the system; §2.3 presents the DRL controller design.

2.1 System Overview

2.1.1  Hardware components. GreenCam integrates three hardware
components: 1) a smart camera with an RGB sensor and a computing
unit for image stream processing, 2) a PV panel for solar energy
harvesting, and 3) a lithium-ion battery for energy storage. We
consider a traffic monitoring task of real-time object detection
and tracking. For profiling and evaluation, we employ the YOLO
family as the object detectors. The PV panel is properly oriented
and connected to the battery via a controllable charging switch.
The battery serves as a power intermediary and an energy buffer
between the PV panel and the smart camera for system’s continuous
operations, given the fluctuating solar irradiance conditions.

2.1.2  DRL controller. GreenCam employs a software controller
to jointly decide two operational actions: battery charging and Al
model switching. The controller is executed at each control period’s
beginning. Based on the measured ambient temperature, battery
temperature, battery energy level, and the estimated current out-
put of the PV panel, the controller (i) decides whether to charge
the battery and (ii) selects an inference model from a predefined
candidates set with varying accuracy metrics and energy usages.
The controller dynamically regulates the battery charging action to
mitigate the battery capacity degradation. Meanwhile, it adapts the
inference workload to manage energy usage and improve service
continuity by switching between models of different sizes. How-
ever, due to the complex impact of the operational actions on the
system’s AECE and serviceability, it is non-trivial to derive a policy
for the controller to follow. Thus, we adopt DRL to learn the policy
with a lightweight neural network. This learning is performed in
offline simulations driven by solar irradiance and labeled traffic
traces, as well as analytical system models presented in §2.2.
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2.2 System Modeling

2.2.1 Scope of carbon emission analysis. The carbon emission of a
conventional on-grid smart camera comprises the embodied car-
bon of the smart camera and the carbon emission arising from the
electricity usage during operations (referred to as grid carbon). In
contrast, although GreenCam is free of the power grid electricity
usage, it incurs extra embodied carbon of the PV panel and the
battery. Therefore, the carbon footprint comparison between the
conventional on-grid design and GreenCam nails down to the com-
parison between the former’s grid carbon and the latter’s embodied
carbon carried by the PV panel and the battery. Due to PV panel’s
long operational lifespan, we consider a constant AECE for PV
panel. In contrast, the battery is subject to dynamic degradation
driven by charging and discharging processes. Therefore, we model
the battery degradation and the dependent AECE. In reality, an
under-performing battery that cannot provide sufficient output
voltage due to the degradation needs to be replaced with a new
battery. As such, the total AECE related to PV panel and battery is
simply the arithmetic sum of their individual AECEs.

2.2.2  Battery thermal model. The battery temperature Ty, evolves
due to internal heat generation and external heat exchange. Specif-
ically, the charging and discharging currents, denoted by I. and
I, respectively, induce heat via internal resistance (Joule heat-
ing), while the ambient temperature governs the convective heat
dissipation rate. We characterize this thermal evolution using a first-

order discrete-time recursive equation [3]: That [k + 1] — Toat[k] =
W, where Ty [k]

in the k™" control period. The Q.[k] = 7R.I%[k] accounts for the
Joule heating produced during charging, where 7 is the control pe-
riod, R, is the internal resistance. Correspondingly, Q4 [k] captures
the thermal contribution from discharging. The battery’s thermal
inertia is governed by its physical properties characterized by the
battery’s mass mpa¢ and specific heat capacity cpar. The Qp [k] repre-

sents the heat dissipated from the battery to the ambient in the k™

T (Toat [K] = Tamp [K])
Rihm

Tumb [ k] represents the ambient temperature in the k™ control pe-

riod, Rinm represents the effective thermal resistance regarding the
heat transfer between the ambient air and the battery. Therefore,
the battery temperature Ty, is directly influenced by three variables:
ambient temperature Tmp, charging current I, and discharging cur-
rent I;. The I, and I; are modeled as: I.[k] = PSV[C 1 I k] = [%dkl,
where Pg[k] denotes the solar charging power, Py[k] denotes the
total power of discharging, and V, and V; denote the charging volt-
age of the battery and the operating voltage of the smart camera,
respectively. The Ps[k] is modeled as Ps[k] = E‘—lkl where E;[k]
represents the energy harvested by the PV panel during the k™ pe-
riod. The P4[k] is modeled as P;[k] = P, [k] + Pcam, where Py, [k]
represents the inference power of selected Al model at k™ control
period, Peary denotes the camera sensor power.

denotes the battery temperature

control period. It is modeled as: Qp [k] = , where

2.2.3 Carbon emission models. For the conventional grid-powered
smart camera, the grid carbon can be modeled by Cy[k] = CI -
E,[k], where CI denotes the carbon intensity of the power grid
and Ey[k] represents the total grid energy used. GreenCam’s AECE
can be modeld by C,[k] = Cepat[k] + Ce po, Where C,pat[k] and
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Cepo denote the AECE of the battery and PV panel, respectively.
The C,pat[k] is modeled by Cepat[k] = T[k] - Cgfntb, where C:fxfb
is the total embodied carbon of the battery and I'[k] represents
the degradation factor. The I'[k] captures the combined effects of
charging and discharging, i.e., T'[k] = y.[k] - Ec[k] + yalk] - Eq[k],
where y.[k] and y4[k] denote the degradation rates associated
with charging and discharging, respectively, and E.[k] and E;[k]
denote the amount of energy charged into and discharged from
the battery during the k™ control period. The E.[k] is modeled by
E.[k] = Es[k] — Qc[k]. The E;[k] is modeled by E4[k] = Py[k] - 7.
In addition, the harvested solar energy is modeled by E[k] =
Gs|k]-A-p-ns, where Gs[ k] denotes the solar irradiance, A denotes
the area of the PV panel, ;1 denotes the conversion efficiency of the
PV panel, and 7, denotes the system loss coefficient.

The degradation rates depend on the battery operating condi-
tions, including battery temperature, charging and discharging cur-
rents. Specifically, yc[k] = q(Toat[k], I [k], Emax[k]) and yq[k] =
q(Toat[k], L[ k], Emax [k]), where the Ep,« [ k] denotes the maximum
battery capacity in the k™M control period and the detailed form
of q(+) can be the empirical degradation model obtained in [20].
The Epnax[k] progressively decreases, as degradation accumulates

over time, which is modeled by Ejax [k] = Emax [0] (1 - Zf:o r [i]),

where Ennax[0] is the initial maximum capacity of the battery.

cemb
The AECE of the PV panel is modeled by C, , = NP—;, where
Cemb denotes the total embodied carbon and Ny € Z* is the number
of control periods over its lifespan. In our evaluation (§3), we set N,
based on a 20-year lifespan following industry benchmarks [11].

2.3 DRL Controller Design

2.3.1 Markov decision process (MDP) formulation. State: The sys-
tem state in the k™ control period is sy = (Tpat [k], Tamp [K], E[X]),
where Tpat[k] and Tymb [k] denote the battery and the ambient tem-
peratures, E[k] denotes the battery energy. The Tymb[k] governs
the heat exchange rate, directly affecting Tp,o¢[k], while Tpo¢ [k] de-
termines battery degradation process I'[k]. The E[k] characterizes
the system’s energy reserve. Together, these three variables capture
the thermal condition of the battery and the system’s energy state
for control decision-making.

Action: The action in the k™ control period is defined as a[k] =
(aclk], am[k]), where a.[k] € {0, 1} denotes the charging decision
(charging or no charging), and a,, [k] denotes the selected inference
model from a predefined set.

Reward: We consider three factors, i.e., carbon emissions, in-
ference accuracy, and system downtime over the system lifespan.
Moreover, we incorporate downtime into accuracy, yielding effec-
tive accuracy a[k] as the serviceability metric. When the system is
unavailable due to battery depletion, a[k] = 0; otherwise, a[k] is
the accuracy of the selected inference model. The carbon emission
Cl[k] is C4[k] for the conventional on-grid smart camera, or C[k]
for GreenCam. The reward is defined as r[k] = A - a[k] — C[k],
where A is a fixed weighting coefficient that balances effective ac-
curacy and carbon emission. A larger A emphasizes accuracy and
availability, while a smaller A prioritizes carbon reduction. We em-
pirically select A to achieve a balanced trade-off, which preserves
effective accuracy while significantly reducing carbon emissions.
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Table 1: Default settings of system parameters

Parameter Setting ‘ Parameter Setting

T 1h Emax[0] 0.48 kWh

u 0.225 [13] A 1.5 m?

Ne 0.75 Cepo 1.05 g CO, [6]
Ve 14.4V [18] chat 72 kg CO, [23]
Vy 12V [18] Tbat 0.7

Peam 6 W [8] A 30

CI 402 g CO2/kWh [5] | Rihm 4 [14]

Mpat 4kg Chat 900 (J/kg - K) [14]

Objective: We aim to learn a policy = € II that maximizes
the expected cumulative reward over the system lifetime: 7* =
s
control periods before episode termination, and the expectation is
taken over stochastic exogenous inputs.

Termination: The episode terminates when the battery condi-

tion degrades to a predefined threshold np,, formally stated as
Emax[k]
Emax[0] =
ment criterion and ensures that the optimization focuses on the

effective operational lifetime of the system.

arg max,en E [Z [k]], where Kierm denotes the number of

Nbat- This termination design aligns with battery replace-

2.3.2 DRL-based policy learning. We adopt proximal policy opti-
mization (PPO) [19] to solve the MDP. PPO is chosen for its stable
training and efficient policy updates. The policy is learned via of-
fline training. We construct a digital replica of the system using
real-world traces of exogenous inputs and system parameters, and
train the PPO agent through extensive simulations driven by these
traces. After training, the learned policy is deployed for online
control, where the model parameters remain fixed. When environ-
mental conditions change (e.g., varied solar irradiance profile), the
agent can be retrained offline with updated data.

3 Evaluation

We conduct trace-driven simulations with real-world environmen-
tal and solar data traces to compare GreenCam and several baselines.
We also perform sensitivity analysis on key system parameters.

3.1 Experiment Setup and Methodology

Ambient temperature, solar irradiance, and other settings: We obtain
Singapore’s ambient temperature and raw solar irradiance data in
2025 from the NASA POWER database [16]. The traces capture full
daytime-nighttime cycles. Environmental conditions, such as time-
of-day and weather, are implicitly captured through these traces.
They directly affect both energy availability and thermal dynamics,
thus enabling the learned policy to adapt its decisions under varying
conditions, even under identical battery states. Table 1 summarizes
the default parameter settings. To improve robustness of the trained
DRL controller, we augment the data by adding zero-mean Gaussian
noise with a standard deviation of 5% of the original value.

Object detection models: We adopt five YOLOVS5 variants (i.e.,
n, s, m, |, x) as the candidates for the model switching, which
have increasing model size and computational complexity. These
models are trained on the UA-DETRAC dataset [21], which is a
vehicle detection benchmark. Table 2 summarizes their model size,
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accuracy (in mAP@50 and recall), and power overhead measured
on an NVIDIA Jetson Orin 32GB (MAXN mode). The mAP@50
is the mean average precision at an intersection over union (IoU)
threshold of 0.5, while recall is the fraction of ground-truth objects
correctly detected.

Table 2: Performance of YOLOv5 variants

Model Params (M) mAP@50 Recall Power (W)
YOLOv5n 1.9 0.566 0.543 11.9
YOLOV5s 7.2 0.643 0.608 13.3
YOLOv5m 21.2 0.695 0.658 16.7
YOLOv51 46.5 0.727 0.702 20.2
YOLOv5x 86.7 0.731 0.710 249

GreenCam and baselines: GreenCam controller’s policy network
is a fully connected neural network consisting of an input layer,
two hidden layers, and an output layer. Each hidden layer has 64
neurons with rectified linear unit (ReLU) activation. The network
is lightweight, containing only 9,608 parameters. We adopt the
following four baseline designs:

e On-grid uses power grid as the sole energy source and al-
ways runs the largest model, i.e., YOLOv5x.

e Model-X has the same hardware setup as GreenCam but
always charges the battery and runs YOLOv5x.

o Heuristic replaces GreenCam’s DRL controller with a rule-

based controller. It performs charging when Ty, € [10°C, 30°C],

which is the sweet spot for minimum battery degradation
[20]. For workload adaptation, it follows a greedy strategy by
adopting the largest YOLOv5 variant that can be supported
by the available energy in the upcoming control period.

e GreenCamO0 is an ablation of GreenCam that performs work-
load adaptation but keeps charging the battery. Comparison
with GreenCam0 will show the contribution of the battery
management to the system’s carbon emission reduction.

System initialization: To eliminate the unnecessary battery deple-
tion during the initial operation phase of off-grid designs (Green-
Cam, GreenCam0, Model-X, and Heuristic), we assume the battery
is fully charged before deployment. The pre-charged energy ac-
counts for only 0.06% of the total harvested energy over the battery
lifetime. Its impact on the comparison with On-grid is negligible.

3.2 Comparison with Baselines

Fig. 1 compares GreenCam with four baselines on average carbon
emission, mAP@50, recall, and downtime rate. The downtime rate
is the percentage of time during which the battery depletes and the
service is unavailable.

On-grid vs. GreenCam. GreenCam reduces carbon emissions
by 72% compared with On-grid, with only marginal accuracy loss (<
3%). The reduction in carbon emissions is roughly equivalent to the
absorption of 3.5 trees. This confirms the benefit of solar-powered,
battery-assisted smart traffic camera by jointly considering both
accuracy and carbon emission.

Off-grid vs. GreenCam. Among all off-grid designs, Green-
Cam achieves the best overall trade-off between carbon emission
and serviceability (i.e., accuracy and availability). It reduces carbon
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emission by up to 21% compared with Model-X, while achieving
higher mAP@50, recall, and lower downtime rate. This is because
Model-X always runs the largest detection model, which leads to
frequent outages and high carbon emissions. Although Heuristic
achieves slightly lower carbon emission due to its careful charg-
ing, it incurs high downtime rate and therefore significantly lower
mAP@50 and recall (up to 10%). GreenCamo0, by contrast, maintains
high accuracy and low downtime rate (both within 3%) through
continuous charging. However, it leads to a 24% increase in carbon
emission, compared with GreenCam. These results demonstrate
that GreenCam balances energy usage and workload adaptation to
minimize carbon emission without sacrificing serviceability, com-
pared to naive strategies. Stronger baselines, such as model predic-
tive control (MPC) with environmental forecasts or oracle policies
with future knowledge, are left as future work, as our focus is to
demonstrate the effectiveness of the proposed DRL-based system.

3.3 Sensitivity Analysis

To evaluate the impact of PV panel size and battery capacity, we
train 25 DRL agents for all combinations of 5 PV panel sizes (from
0.5 m? to 2.5 m?) and 5 battery capacities (from 0.24 kWh to 1.2 kWh),
as shown in Fig. 2. From Fig. 2(a), carbon emission increases with
the PV panel size due to higher amortized embodied carbon Ce ..
In contrast, larger battery capacities reduce degradation rates and
thus suppress carbon emission growth with PV panel size. Figs. 2(b),
2(c), and 2(d) present resulting accuracy and availability. When the
battery capacity is below 0.48 kWh or the PV panel size is smaller
than 1.5 m?, insufficient energy supply leads to frequent outages,
which results in high downtime rate and low accuracy. Once the PV
panel size exceeds 1.5 m? and the battery capacity exceeds 0.48 kWh,
the system achieves saturated performance, i.e., both mAP@50 and
recall approaching their upper bounds and downtime rate approach-
ing zero. Therefore, 1.5 m? and 0.5 kWh are good configurations for
Jetson Orin-based GreenCam for traffic object detection in Singa-
pore’s context. Note that the 0.5 kWh battery capacity is practical.
For instance, a 0.512kWh battery product [17] has a volume of
196 x 135 X 172 mm?, comparable to a small shoebox.

4 Related Work

Energy-efficient object detection systems. Existing works have ex-
plored the energy-efficient deployment from a model-level per-
spective. Lightweight architectures, such as MobileViT [15], re-
duce model redundancy while maintaining competitive mobile
performance. Neuromorphic approaches, such as spiking neural
networks [2], improve efficiency through event-driven computation
and sparse activations. However, these prior efforts mainly focus on
intra-model optimization and overlook system-level orchestration.
Degradation-aware battery-powered system optimization. Prior
work incorporates degradation-aware optimization in PV-battery
systems to determine optimal battery capacity and minimize life-
cycle cost [22]. It has also been applied to grid-scale energy storage
systems for battery technology selection, where degradation-aware
models evaluate the suitability of different battery chemistries for
specific services [24]. However, these studies often overlook the
dynamic coupling between energy availability and workloads.
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Figure 1: Performance of GreenCam and various baseline designs.
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Figure 2: Sensitivity analysis for PV panel size (in x-axis) and battery capacity (in legends).

5 Conclusion

We propose GreenCam, an off-grid Al-enabled smart traffic mon-
itoring system that achieves low carbon emissions while main-
taining continuous, high-quality object detection. By integrating
solar power and battery storage, GreenCam eliminates operational
carbon emissions. It further reduces embodied carbon through
workload adaptation and temperature-aware battery management.
Experimental results demonstrate its effectiveness in maintaining
accuracy and reducing carbon emissions.
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